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CHAPTER 1. GENERAL INTRODUCTION  
INTRODUCTION 
Soybeans (Glycine max) account for about 56% of the oilseed production all over the 
world. In 2008, soybeans contributed to 68% and 30% of the world protein meal and vegetable 
oil consumption (http://www.soystats.com). Nowadays, soybeans also provide significant non-
food uses, for example in producing petroleum substitutes (Durrett et al. 2008). Protein and oil 
contents together typically account for about 60% of dry soybean seeds by weight (protein at 
about 40% and oil at about 20%). The remainder consists of 35% carbohydrate and about 5% 
ash (Wilson 1987). These reserves (including proteins, oils, and carbohydrates) are synthesized 
with the developing embryos from imported precursors (photosynthetically-derived sucrose 
and amino acids) (Rainbird et al. 1984). 
Legumes (e.g., Medicago, Lotus, and soybean) are excellent model systems to study 
seed and embryo development with a large range of seed size and morphological form. Seed 
development in legumes has been reported to understand what genes are required to make a 
seed and how regulatory networks are interconnected to program seed formation (Goldberg et 
al. 1981, 1989, 1994; Weterings et al. 2001; Coste et al. 2001; Weber et al. 2005; Le et al. 
2007). For example, researches on soybean seed protein genes (such as beta-conglycinin and 
glycinin) showed that their mRNA accumulation patterns are regulated temporally and 
spatially (Harada et al. 1989; Nielsen et al. 1989) and controlled by both transcriptional and 
posttranscriptional processes (Evans et al. 1984; Walling et al. 1986). To date, a rapid 
development of functional genomics tools and resources drive us better understand molecular 
mechanisms in seed formation (Thibau-Nissen et al. 2003; Vodkin et al. 2004; Hajduch et al. 
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2005; Dhaubhadel et al. 2007). However, the underlying regulatory networks that determinate 
the final seed composition is still unclear. 
Seed proteomics 
The amount of protein present in seeds varies from 10% in cereals to 40% in some 
oilseeds and legumes of the dry weight. Seed proteins can be classified into storage, structural 
and biologically active proteins (Mandal et al. 2000). Seed storage proteins are non-enzymatic 
and provide nitrogen, carbon, and sulfur source during germination. For example, glycinin and 
beta-conglycinin are two major storage proteins in soybean seeds and constitute more than 
70% of total seed proteins (Natarajan et al. 2005). In contrast, the major structural and 
metabolic proteins consist of lectins, enzymes, and enzyme inhibitors. These proteins are minor 
proteins but contain more balanced amino acids than storage proteins (Shewry et al. 1995). The 
accumulation of these proteins, especially enzymes, varies dramatically during seed 
development. 
Investigations on seed proteins are being made to understand metabolic regulations at 
both transcriptional and post-translational levels. A number of seed proteomic studies (e.g., 
Medicago, soybean, and rapeseed) have been reported based on gel separation. Gallardo et al. 
(2003) studied seed development at specific stages of seed filling in Medicago corresponding 
to the acquisition of germination capacity and protein deposition. They were able to identify 84 
proteins and the accumulation showed a significant variation between early and late developing 
seeds. Hajduch et al. (2005) identified 216 non-redundant proteins from 679 spots classified 
into 14 major functional categories during seed filling in soybean. Proteins involved in 
metabolism, protein destination and storage, metabolite transport, and disease defense were the 
most abundant. Hajduch et al. (2006) determined 289 non-redundant proteins from 517 spots 
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during seed development in rape. They found that the energy and metabolic proteins dominated 
overall identified proteins. 
With current advances in mass spectrometry, large-scale and high-throughput proteome 
analyses of complex samples are now achievable based on chromatography separation. The 
technology couples a two-dimensional liquid chromatography separation on a capillary column 
with detection in a tandem mass spectrometer (known as multidimensional protein 
identification technology or MudPIT)  (Lee et al. 2009; Delahunty and Yates 2007; Washburn 
et al. 2001). MudPIT is an excellent complementary of gel-based proteomics and the 
combination of MudPIT and 2-DE would fully characterize proteome. Koller et al. (2002) 
performed a proteomic analysis of rice leaf, root, and seed using both two technologies. There 
were 2,528 unique proteins identified with an integration of two datasets. Among them, 1,022 
proteins were detected from leaves, 1,350 from roots, and 877 from seeds. This pioneer work 
exhibited a first proteomic map in rice by combining different proteomics tools and provided 
an opportunity to establish seed proteomic map. The full exploration of legume seed proteome 
is necessary for us to better understand complex metabolic networks. MudPIT and 2-DE based 
proteomic studies of seed filling were conducted in Medicago and soybean, and 226 and 647 
unique proteins were respectively identified (Gallardo et al. 2007; Agrawal et al. 2008). Dam 
et al. (2009) performed a proteomic analysis of Lotus seeds collected at two developmental 
stages (green and mature). Lotus seed development and protein composition was studied and a 
total of 746 unique proteins were reported at two distinct developmental phases. 
Integration of transcriptomics and proteomics 
Recent advances in the sequencing of complete genomes (such as Arabidopsis and 
soybean) and the throughput of molecular technologies (such as cDNA and oligonucleotide 
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microarray) make possible the global, genome-wide analyses of changes in DNA expression 
(genotyping), RNA expression (transcriptomics) and protein accumulation (proteomics) 
(Komatsu and Ahsan 2008; Le et al. 2007; Hennig 2007). However, a single profiling usually 
cannot solve the comprehensive problem of understanding regulatory networks regarding plant 
growth and development. Thus, there is a great interest to develop systems approaches to 
analyze and integrate different types of  ‘–omic’ studies (Oliver et al. 2002; Wurtele et al. 
2003, 2007). 
Transcriptomics (or global analysis of gene expression, also called genome-wide 
expression profiling) are one of the functional genomics tools used to get an understanding of 
genes and pathways involved in biological processes and molecular functions (Le et al. 2007). 
Although mRNA is not the ultimate product of a gene, transcription is the first step in gene 
regulation. Information at the transcriptional level is necessary to understand gene regulatory 
networks (Subramanian et al. 2005). 
Proteomics are the large-scale studies of proteins, particularly their structures and 
functions, and often considered the next step in the study of biological systems after genomics 
(Anderson and Anderson 1998; Blackstock and Weir 1999; Komatsu and Ahsan 2008). It is 
much more complicated than genomics, mostly because while an organism's genome is more 
or less constant, the proteome differs from cell to cell and from time to time. Distinct genes are 
expressed in distinct cell types, which mean that the basic set of proteins produced in a cell 
even needs to be determined. In the past this was done by mRNA analysis, but this was found 
not to closely correlated with protein content (Rogers et al. 2008). It is now known that mRNA 
is not always translated into protein, and the amount of protein produced for a given amount of 
mRNA depends on both the gene and the current physiological state (Buckingham 2004). 
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Thus, proteomics confirm the presence of the protein and provides a direct measurement of the 
quantity present. 
A large number of studies have been conducted to demonstrate correlations between 
protein and mRNA in yeast and mammalian cells (Foss et al. 2007; Chen et al. 2002), and 
indicated different levels of correlation. Gygi et al. (1999) analyzed the linear relationship 
between mRNA and protein expression levels for the selected genes, and found that the protein 
level can hardly be predicted from the corresponding transcript in the yeast growing at mid-log 
phase. Griffin et al. (2002) observed a weak linear correlation between mRNA and protein 
levels in the yeast growing on either galactose or ethanol. Tian et al. (2004) reported about 
40% correlation of differentially expressed mRNAs and proteins in mammalian cells, 
suggesting the importance of post-transcriptional regulatory mechanisms. Lu et al. (2007) 
demonstrated that 73% and 47% of variance in protein abundance could be explained by 
mRNA abundance in yeast and E.coli respectively. In contrast, there were only a few studies 
about integration of transcriptomics and proteomics in plants so far (Hennig 2007; Dembinsky 
et al. 2007; Cho et al. 2008). For example, Cho et al. (2008) were able to identify 1,535 genes, 
21 proteins, and 24 metabolites that altered in rice seedling leaves exposed to ozone for 24 h. 
This integrated analysis indicated that a fluctuation occurs in multiple cellular processes in rice 
response to ozone. Thus, an integration of transcriptomics and proteomics provides additional 
information about post-transcriptional and translational regulatory mechanisms that cannot be 
simply obtained by either transcriptomics or proteomics (Hennig 2007; Pavelka et al. 2008). 
This study will provide insights to molecular mechanisms and regulatory networks as 
related to changes in seed protein content in near-isogenic soybean lines. The insights of 
metabolic regulations from this study will help to point out the factors that may change overall 
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seed composition during seed development, and guide enhancement of protein and oil 
accumulation in soybean. Ultimately, the understanding of metabolic regulations from this 
study will guide the expansion of marketability and the increase in economic value of soybean. 
This thesis focuses on identifying genes and proteins that are important in controlling soybean 
seed composition by a combination of proteomic and transcriptomic analyses of near-isogenic 
soybean lines differing in seed protein content. 
DISSERTATION ORGANIZATION 
This dissertation consists of four chapters. Chapter 1 is a literature review, which 
covers background and significance of this project and general introduction to seed proteomics 
and integrated analysis of transcriptomics and proteomics. 
Chapter 2 is a manuscript in preparation for the submission to Proteomics. The 
manuscript describes proteomic and transcriptomic analysis of near-isogenic soybean lines 
differing in seed protein content. The microarray data was generously provided by Dr. Ling Li. 
The experiments covered in this chapter were conducted by Xiaomin Yu under the supervision 
of Dr. Eve Syrkin Wurtele and Dr. Bret Cooper. The manuscript was edited by Dr. Eve Syrkin 
Wurtele, Dr. Basil Nikolau, Dr. Dan Nettleton, and Dr. Bret Cooper. 
Chapter 3 is a report about the expression of two genes yhfB and yjaX from Bacillus in 
Arabidopsis thaliana. The report describes an attempt to induce biosynthesis of branched chain 
fatty acids (BCFA) in Arabidopsis by the expression of Bacillus genes (either yhfB or yjaX). 
The experiments covered in this chapter were conducted by Xiaomin Yu under the supervision 
of Dr. Eve Syrkin Wurtele. The report was edited by Dr. Eve Syrkin Wurtele and Dr. Basil 
Nikolau. 
Chapter 4 is a general summary and conclusion of the dissertation. 
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CHAPTER 2. GENOTYPE COMPARISON OF HIGH-PROTEIN NEAR-
ISOGENIC SOYBEAN LINES USING BOTH PROTEOMICS AND 
TRANSCRIPTOMICS 
A paper in preparation of submission to Proteomics 
Xiaomin Yu, Ling Li, Basil J. Nikolau, Bret Cooper, Eve Syrkin Wurtele  
ABSTRACT 
Soybean seeds are a major source of consumable proteins and edible and industrial oils. 
The overall composition of soybean seeds is determined by complex genetic program and is 
influenced by the growth environment. Three soybean near-isogenic lines with increased seed 
protein content were developed from a cross between Evans (low-protein parent) and 
PI153.296 (high-protein parent). In this study, we sought to identify genes and proteins whose 
expression is associated with seed composition by evaluating proteomic and transcriptomic 
data. We applied a high-throughput label-free liquid chromatography tandem mass 
spectrometry method to analyze proteins from developing seeds of the five soybean lines at 20 
days after flowering. More than 800 different proteins were identified in these samples. Three 
different statistical approaches (a traditional ANOVA based F-test, a permutation test based on 
the F-statistic, a likelihood ratio test based on a product binomial likelihood (referred to as a G-
test by Zhang et al. 2006)) were evaluated to identify proteins that showed a differential 
accumulation pattern across the different genotypes of the samples. The G-test identified 35% 
of the proteins as differentially accumulating, whereas the ANOVA and permutation test did 
not detect any differentially accumulating proteins. In parallel, the transcriptome of the 
identical samples were analyzed by using Affymetrix GeneChip Soybean Genome Array. Over 
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1,850 transcripts were identified as differentially accumulating using an ANOVA analysis. 
Integrated analysis of the proteomic and transcriptomic datasets suggests a linear relationship 
in the accumulation of 138 specific proteins and corresponding transcripts among the five 
soybean genotypes. These analyses provide insights into the regulatory networks that influence 
soybean seed composition.  
Key Words: Soybean, Proteomics, Protein content, Mass spectrometry 
INTRODUCTION   
Soybean seeds are a significant source of proteins and oils for human diet and animal 
feed, and the oil is also used as a biofuel (Durrett et al. 2008). The composition of soybean 
seeds is a complex trait determined by the genotype of the parent plant and is further modified 
by the environment in which that parent is grown (Brummer et al. 1997; Piper and Boote 1999; 
Fehr et al. 2003; Chung et al. 2003; Rotundo and Westgate 2009). In 2008, more than 1,800 
soybean seed samples of various genotypes were collected across the U.S. 
(http://www.soybeans.umn.edu). The average seed protein content of these samples ranged 
from 29.2% to 40.8%, and the average seed oil content ranged from 16.0% to 22.0%. This 
variation is a consequence of interactions among the large number of genes whose expression 
pattern is genetically pre-programmed but is modifiable by environmental influences, which 
during seed development integrally determine the fate of precursor metabolites into metabolic 
end-product seed-reserves (Chung et al. 2003; Hyten et al. 2004; Naeve et al. 2008; Rotundo 
and Westgate 2009). 
Improving seed composition by modifying protein and oil contents can increase the 
economic value of soybeans. Genetic linkage mapping has been applied to identify genes that 
determine soybean seed composition (Sebolt et al. 2000; Hyten et al. 2004). However, 
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quantitative trait loci (QTLs) for seed composition can be mapped only to large regions of the 
genome. Furthermore, the environment often masks the identification of QTLs in non-isogenic 
populations (Brummer et al. 1997; Chung et al. 2003). Another feasible way to identify genes 
that affect seed composition is to make use of near-isogenic lines. Westgate (personal 
communication) and Orf (personal communication) have generated a series of near-isogenic 
lines, which are derived from crosses between the commercial line Evans (seed protein content 
~34.5%) and the high-protein line PI153.296 (~40.5%), and that express different seed protein 
content. These lines were generated by selfing individual progeny derived from the Evans x 
PI153.296 cross to the F6 generation. The lines expressing the highest protein content that were 
agronomically similar to Evans were selected, and these were backcrossed to Evans. At each of 
two subsequent backcross generations, the high protein trait was continuously selected. This 
repeated backcross and selection process was carried to the third generation (BC3), thereby 
introgressing PI153.296 alleles that enriched seed protein content into the Evans genetic 
background. These BC3 near-isogenic soybean lines are 94% genetically identical to Evans 
and thus physiologically near indistinguishable from Evans, but they differ in seed protein 
content. While the overall seed protein content is higher in these BC3 near-isogenic lines 
(isolines) as compared to Evans, the genes or proteins that are involved in determining this 
trait, or the identity of the seed proteins that have increased in abundance are unknown. 
Proteomics and transcriptomics can provide insights into the genetic and environmental 
influences on seed composition. Transcriptomics, using microarrays, is a relatively well-
established technology. However, proteomics is more problematic. Recent advances in 
proteomics have been driven by significant improvement in mass spectrometry (Ferguson and 
Smith 2003; Guerrera and Kleiner 2005; Domon and Aebersold 2006; Ahn et al. 2007). Two-
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dimensional gel electrophoresis (2-DE), followed by MALDI-TOF mass spectrometry, is a 
dominant technique used to achieve protein separation and detection for proteomics. The 
equipment and materials are relatively inexpensive and available. Advances in image 
processing and gel spot selection have enhanced sensitivity. However, the selection of a gel 
spot is based on abundance, therefore resolution is limited by the sensitivity of 2-DE 
electrophoresis separation method (Lee and Cooper 2006). An alternative separation 
technology, Multidimensional Protein Identification Technology (MudPIT), is based on HPLC 
separation (Washburn et al. 2001; Lee and Cooper 2006; Motoyama and Yates 2008). Unlike 
separation of individual proteins by 2-DE, all proteins in a sample are first digested into 
peptides, and then separated using HPLC, and because MS analysis is performed in line with 
the chromatographic separation method, increased throughput is achieved. In addition, MudPIT 
is effective for identifying basic, hydrophobic and membrane-spanning proteins (Washburn et 
al. 2001; Koller et al. 2002; Brechenmacher et al. 2009). However, MudPIT is more complex 
and expensive to apply due to the requirement of custom-made equipment and materials, such 
as columns (capillaries typically packed with strong cation exchange resin and reverse phase 
resin) and column packing pressure cells (machines used for packing columns with resin). 
In this study, we determined the proteome and transcriptome of developing seeds, at an 
early stage of seed filling in different soybean genotypes that express different seed-protein 
content. We hypothesized that this analysis will reveal a subset of the factors that are associated 
with different seed composition as differentially accumulating between the different soybean 
isolines. Proteomics was conducted by using a high-throughput protein separation and 
identification technique, MudPIT. A parallel transcriptomic study using the Soybean 
Affymetrix GeneChip array was performed on the same soybean seed samples. These two 
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types of ‘-omic’ datasets were evaluated to identify those transcripts and proteins that show a 
relationship between seed composition and their relative abundance. The data provide insights 
into changes in the proteome and transcriptome as it correlates with seed composition. 
MATERIALS AND METHODS  
Plant materials 
Two soybean parent lines (PI153.296 and Evans (PI548.560)) and three BC3 near-
isogenic lines (BC3-33, BC3-93, and BC3-128) were grown in Professional Growing Mix 
Soils (SunGRO) in 8-inch pots, with three plants in each pot (Li 2006, Ph.D. dissertation). The 
pots were placed in three growth chambers using a randomized block design. Each of the three 
growth chambers contained one pot of plants of each of the five soybean lines, corresponding 
to one replicate. Temperature was set to 27 oC during the illumination period (light intensity 
was 150 µmol photons/m2), and 20 oC during the darkness period.  
Pods from Evans, BC3-33, BC3-93, and BC3-128 were collected from nodes 6-10 on 
the main stem at 20 days after flowering. Pods from PI153.296 were collected at 21 days after 
flowering; this corresponds to a similar developmental stage as the other four soybean lines 
(Fig. S1.1). Seeds of uniform size were selected, pooled, frozen immediately in liquid nitrogen, 
and stored at -80 oC. The protein, starch and oil contents of each of these biological replicates 
were quantified (Li 2006, Ph.D. dissertation). The seeds from all five soybean lines accumulate 
protein, starch and oil to similar levels at this stage of development. 
Protein sample preparation 
About 0.5 g of frozen seeds were pulverized to a powder with a mortar and pestle under 
liquid nitrogen (Fig. S1.2). Powders were suspended in 5 ml extraction buffer consisting of 
10% trichloroacetic acid, 0.07% 2-mercatoethanol in acetone and the slurry was incubated on 
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ice for 30 minutes. The mixture was centrifuged at 35,000 g at 4 oC and the pellet was washed 
three times with acetone. The pellet was dried in a Speed-Vac and resolubilized in 1 ml buffer 
consisting of 8 M urea, 100 mM Tris-HCl (pH 8.5), 5 mM dithiothreitol, 2% dedecyl-beta-
maltoside. After incubation at 37 oC for 3 hours, the mixture was centrifuged at 12,000 g at 4 
oC, and the supernatant was mixed with 25% trichloroacetic acid to precipitate the proteins. 
The protein pellet was washed three times with acetone, and dried for 30 minutes by 
centrifugal vacuum evaporation (Natarajan et al. 2005). Proteins were resolubilized by shaking 
(800 rpm) at 37 oC for 15 minutes in 200 µl buffer consisting of 8 M urea, 100 mM Tris-HCl 
(pH 8.5).  Protein concentrations were assayed with a BCA protein assay kit (Thermo Fisher 
Scientific, Waltham, WA). An aliquot containing 500 µg protein from each sample was 
reduced in trichlorothylphosphine and carboxyamidomethylated in iodoacetamide. The 
reaction was diluted to 2 M urea with 100 mM Tris-HCl (pH 8.5), adjusted to 2 mM CaCl2 and 
digested with Porozyme immobilized trypsin (Applied Biosystems, Forest City, CA) at 37 oC, 
shaking at 800 rpm for 12 hours. Immobilized trypsin was removed by centrifugation (12,000 
g). All digested peptides were desalted and concentrated by solid phase extraction using SPEC-
PLUS PT C18 columns (Varian, Lake Forrest, CA) followed by centrifugal vacuum 
evaporation. 
LC-MS/MS 
Tryptic peptides from 500 µg protein were separated on homemade biphasic columns 
prepared from 365 o.d. x 75 i.d. fused-silica with a 5 µm tip and packed with 9 cm reverse 
phase C18 resin followed by 4 cm strong cation exchange resin (Lee et al. 2009) (Fig. S1.4). 
Separation was performed by a 12-step elution procedure for high-throughput LC-MS/MS 
(Washburn et al. 2001). The buffer solutions were: 0.1% formic acid/H2O (buffer A), 0.1% 
  
24 
formic acid/acetonitrile (buffer B), and 250 mM ammonium formate/5% acetonitrile/0.1% 
formic acid (buffer C) (all vol/vol). Step 1 consisted of a 80-minute linear gradient from 95% 
buffer A/5% buffer B to 50% buffer A/50%buffer B, a 20-minute gradient from 50% buffer 
A/50% buffer B to 20% buffer A/80% buffer B, and 20 minutes of 95% buffer A/5% buffer B 
(all vol/vol). Steps 2−11 had the following profile: 2 minutes of 95% buffer A/5% buffer B, 2 
minutes of x% buffer C (the percentages (x) were 10, 20, 30, 40, 50, 60, 70, 80, 90, and 90, 
respectively for the step 2-11), 3 minutes of 95% buffer A/5% buffer B, a 10-minute gradient 
from 95% buffer A/5% buffer B to 88% buffer A/12% buffer B, and a 93-minute gradient from 
88% buffer A/12% buffer B to 65% buffer A/35% buffer B, and 10 minutes of 95% buffer 
A/5% buffer B (all vol/vol). For the final step, the gradient contained 2 minutes of 95% buffer 
A/5% buffer B, 2 minutes of 100% buffer C, 3 minutes of 95% buffer A/5% buffer B, a 10-
minute gradient from 95% buffer A/5% buffer B to 88% buffer A/12% buffer B, and a 93-
minute gradient from 88% buffer A/12% buffer B to 65% buffer A/35% buffer B, and 10 
minutes of 95% buffer A/5% buffer B (all vol/vol). Solvent flow of 200 nl/min was controlled 
with a Surveyor HPLC pump (Thermo Fisher Scientific), and a T-split junction where 1,800 V 
electricity was applied. The eluate was electrosprayed directly into the orifice of an LCQ-Deca 
XP ion trap mass spectrometer (Thermo Fisher Scientific) controlled by Xcalibur 1.3 software 
(Thermo Fisher Scientific). A parent-ion scan was performed over the range of 400-1600 m/z 
and MS/MS was performed on the three most intense parent ions. Automated peak recognition 
and dynamic exclusion was enabled (Lee et al. 2009). 
Peptide sequence interpretation 
Tandem mass spectrum data files were extracted from the raw data with Bioworks 3.2 
(Thermo Fisher Scientific) using the parameters 400-3500 mass range, 1 group scan, 1 
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minimum group count, and 15 minimum ion counts (Fig. S1.6). The spectra collected from 
biological replicates for each genetic line were combined, yielding data files containing about 
~30,000 spectra. Spectra were searched with Mascot 2.1 (Perkins et al. 1999) against the 
soybean genome-based database. This database is derived from the recently released soybean 
genome assembly (Glyma1.0) and contains over 66,000 predicted protein-coding peptide 
sequences (http://www.phytozome.net/soybean.php; Soybean Genome Project, DoE Joint 
Genome Institute). Search parameters were for tryptic digests, 1 possible missed cleavage, 
fixed amino acid modification [carbamidomethylation (C)], variable modification [oxidation 
(M)], average mass values, +/- 1.5 Da parent ion mass tolerance, and +/- 0.8 fragment ion mass 
tolerance. Mascot output result was processed by PANORAMICS, a probability-based 
program that determines the likelihood of protein identification (Feng et al. 2007) (Fig. S1.8). 
Oligonucleotide array hybridization 
The Affymetrix GeneChip Soybean Genome Arrays (Affymetrix, Santa Clara, CA) 
containing 37,593 G. max probe sets were used in this study. Total RNA was isolated from all 
soybean seed samples (5 soybean lines x 3 biological replicates) using Trizol reagent 
(Invitrogen, CA) (Fig. S1.3). The resulting RNA was subjected to further purification, and then 
hybridization and scanning of the arrays was performed (Fig. S1.5). The gene expression 
profile of each replicate was normalized by natural logarithmic transformation and then median 
centered using R (http://www.r-project.org/). The median transformed value of the relative 
level of the 37,593 soybean transcripts on each chip is set at zero (Fig. S1.7) though the 
medium could be set at any common value without changing the results. 
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Statistical analysis 
The identified proteins that exceeded a 0.95 probability (obtained by PANORAMICS) 
threshold in at least one of the five soybean lines were maintained for further analysis. There 
were 884 proteins that satisfied this requirement among the five soybean lines (Fig. S1.10). The 
number of observed tandem mass spectra for each peptide was obtained using PANORAMICS 
(Feng et al. 2007). The spectral count of a protein is the total number of observed tandem mass 
spectra contributing to the identification of both distinct and shared peptides assigned to this 
protein. The spectral count for each protein from each replicate was calculated and used for 
quantification of relative protein accumulation (Lee et al. 2009) (Fig. S1.12). A F-test was used 
to assess the statistical differences of proteomic data per soybean line with the hypothesis being 
that the accumulation of any protein was equal among the five soybean lines. A permutation 
test was used to test, for each protein, whether five soybean lines have the same abundance (as 
measured by spectral counts). The F-statistic from the ANOVA analysis for each protein was 
used as the test statistic. The data were then shuffled and the statistic for each protein 
recomputed until each possible permutation was used. The p-value was determined by the 
proportion of test statistics that are extreme or more extreme than the observed test statistic 
(Pesarin 2001). 
A likelihood ratio test (the G-test of Zhang et al. (2006)) was used to assess the 
statistical differences of the spectral counts per soybean line with the null hypothesis being that 
the spectral count of any protein was equal among five soybean lines. The corresponding p-
value was calculated by comparing the likelihood ratio test statistic to the chi-square 
distribution with four degrees of freedom. The Benjamini and Hochberg (1995) correction was 
applied, such that only a protein with p-value less than 0.05*(j/t), where j is the rank of protein 
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in the list of t proteins sorted in ascending order by p-value, was considered as having 
differential spectral counts in five soybean lines. This procedure provides approximate control 
of the false discovery rate (FDR) at the 0.05 level. To compare the protein abundances among 
the five soybean lines, the spectral count for a protein of each biological replicate from one 
soybean line was normalized by the sum of all protein spectral counts of this replicate. Protein 
accumulation measurements (normalized spectral counts) for each soybean line were calculated 
from three biological replicates. 
The F-test was used to assess the statistical differences of microarray data per soybean 
line with the hypothesis being that the accumulation of any transcript was equal among the five 
soybean lines (O’Rourke et al. 2007). The microarray data were transformed by natural 
logarithm (MAS 5.0 signal) (Affymetrix Microarray Suite Version 5, 
http://www.affymetrix.com) and median-centered. Based on the p-value for each transcript 
obtained using the F-test, the corresponding false discovery rate (q-value) was calculated using 
the Benjamini and Hochberg method (1995). The transcripts with q-value < 0.05 were selected 
for cluster analysis. The means of microarray data for three replicates were first calculated. The 
means of each transcript for the five soybean lines were then standardized so that they had 
mean 0 and standard deviation 1. The standardized transcripts were clustered using a K-
medoids algorithm (Theodoridis and Koutroumbas 2006). Three medoids were randomly 
selected as a start and each non-medoid transcript was associated to the closest medoid using 
Euclidean distance. The number of medoids was increased until we obtained the clusters that 
showed distinctive accumulation patterns between one of the parent soybean lines (PI153.296 
or Evans) and the other four soybean lines. 
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RESULTS 
Identification of soybean seed proteins using MudPIT 
To gain insight into changes in the proteome of soybean seeds that are associated with 
different seed protein contents, we performed large-scale proteomic analysis of seeds of 
soybean near-isogenic lines (isolines) using MudPIT. MudPIT analysis was chosen for these 
studies because it has increased efficiency, high throughput, and greater yield of proteins of 
high mass and pI, as compared to 2-D gel-based proteomics methods (Lee and Cooper 2006). 
Two parent lines (PI153.296 and Evans) and three BC3 isolines (BC3-33, BC3-93, and BC3-
128) derived from these parents were selected for this study. Each BC3 isoline was near-
isogenic with the Evans parent, carrying on average approximately 94% of the Evans genome 
and 6% of the PI153.296-derived genome. Seeds from all three BC3 isolines express nearly 
25% higher seed-protein content than Evans (Unpublished data; Li, Wurtele, Westgate). 
To detect changes in the seed proteome that are primarily due to the genetic 
differences associated with the five soybean lines, these plants were grown in growth 
chambers using a randomized complete block design. Developing seeds were harvested at 20 
days after flowering (DAF) (Fig. S1.1), and proteins were extracted using a modified 
trichloroacetic acid/acetone method (Natarajan et al. 2005) (Fig. S1.2), and then analyzed by 
using MudPIT (Lee et al. 2007; Lee et al. 2009) (Fig. S1.4). Three biological replicates for 
each of the five soybean lines were analyzed, each containing multiple seeds, to reduce 
random sampling effects and increase the statistical confidence associated with reproducible 
detection of proteins; tandem mass spectra from each biological replicate were combined 
(Lee et al. 2009). Tandem mass spectra were interpreted by matching them to a database of 
protein sequences derived from the chromosome-based assembly of the soybean genome 
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(Glyma1.0). Peptides were assembled into probability-based, non-redundant protein 
complements using PANORAMICS (Feng et al. 2007) (Fig. S1.6). The probability provides 
an estimate of the likelihood that the protein assembly is correct with respect to the database. 
Here, we selected proteins with assignments designated with a probability that exceeds 0.95. 
Between 280 and 330 proteins were identified in each biological replicate (Fig. S1.9; Table 
S1); 884 different proteins were identified among the entire set of 15 soybean seed samples 
analyzed (5 soybean genotypes x 3 biological replicates) (Fig. S1.10). 
A Gene Ontology (GO; http://www.geneontology.org/) and pathway annotation for the 
function of each identified polypeptide was obtained using MetNet (http://www.metnetdb.org/; 
Wurtele et al. 2003; Wurtele et al. 2007). The MetNet platform contains an Arabidopsis-based 
soybean interaction database and software to visualize, statistically analyze, and model 
transcriptomics, proteomics and metabolomics data in the context of metabolic pathways 
(imported from AraCyc (http://www.arabidopsis.org/biocyc/index.jsp)), signaling pathways 
(curated by MetNet (http://www.metnetdb.org/)), and AGRIS regulatory network maps 
(http://www.fao.org/agris/). GO terms and metabolic pathways are assigned to each protein by 
analogy to their closest Arabidopsis counterpart. GO term annotation for soybean genes is also 
obtained from SoyBase (http://soybase.org/). 
Among the 884 proteins identified, 766 proteins were assigned to 83 of the 1983 GO 
‘biological process’ terms (Fig. 1); 803 proteins were assigned to 61 of the 1958 GO 
‘molecular function’ terms; and 770 proteins were assigned to 27 of the 754 GO ‘cellular 
component’ terms (Fig. S1.11; Table S3). In addition, 729 of the 884 proteins (83%) were 
assigned to 140 of the 322 pathways annotated in MetNet. Fifty seven per cent of the 841 
proteins assigned with GO terms are annotated as enzymes. Predominant among these are 
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enzymes involved in amino acid, fatty acid, and carbohydrate biosynthesis and degradation. 
Fifteen of the 729 proteins assigned to pathways in MetNet are annotated as participating in 
signal transduction pathways: ethylene signaling, regulation of ethylene signaling, APX1 
(ascorbate peroxidase 1) signal transduction, drought and heat stress regulation. Therefore, the 
proteins identified in our study show a functional diversity at this developmental state of seed 
filling. 
Glycinin and beta-conglycinin, two major seed storage proteins, account for about 
20% and 10% of the total spectra respectively in each soybean line (Table 1; Fig. S1.31). 
Thus, the spectra of glycinin and beta-conglycinin account for about 30% of the total spectra, 
indicating that these two seed storage proteins represent a large portion of the soluble protein 
extracted from the seeds at this developmental stage. 
To explore the relationship between glycolysis in the cytosol versus the plastid, we 
identified genes predicted to encode glycolytic enzymes based upon PANTHER annotations 
(http://www.pantherdb.org/) and GO annotations (http://soybase.org/), and predicted the 
localization of each gene using TargetP (http://www.cbs.dtu.dk/services/TargetP/; 
Emanuelsson et al. 2007) (Table 4; Fig. S1.32; Table S9). These analyses identified 13 
polypeptides of five glycolytic enzymes (fructose bisphosphate aldolase (FBA), 
triosephosphate isomerase (TPI), glyceraldehyde 3-phosphate dehydrogenase (GAPDH), 
phosphoglycerate kinase (PGK), enolase) (Fig. 8). These were: 1) three cytosolic isoforms of 
FBA, and two of them (Glyma02g38730, Glyma14g36850) in all 15 samples (5 genotypes x 
3 replicates); 2) two cytosolic isoforms of TPI (Glyma13g41120, Glyma15g04290), which 
were detected in all 15 samples; 3) two cytosolic isoforms of GAPDH (Glyma04g36860, 
Glyma18g01330) in all 15 samples, and two plastidic isoforms of GAPDH (Glyma06g18110, 
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Glyma06g18120), which were in 10 of the 15 samples; 4) two cytosolic isoforms of PGK 
(Glyma15g41540, Glyma15g41550), which were in 12 of the 15 samples; and 5) two 
cytosolic isoforms of enolase, and one of them (Glyma03g34830) in all 15 samples. 
Statistical analyses for replicate comparison 
Reproducibility of MudPIT data from replicate to replicate analyses is clearly limited 
in the analysis of complex peptide mixtures. This is because MudPIT is unable to collect 
tandem mass spectra from all peptides present in the samples (Link et al. 1999; Washburn et 
al. 2001). Spectral sampling of a protein obtained from MudPIT analysis of complex protein 
mixtures can be affected by a variety of factors, such as proteolytic digestion efficiency, 
peptide separation, peptide ionization efficiency, co-eluting peptides, and dynamic exclusion 
(Liu et al. 2004). 
To examine the variance between replicates within each soybean line and investigate 
the variability of our proteomic data across the replicates (Fig. S1.13), we applied a G-test 
(Zhang et al. 2006) to evaluate the differentially accumulating individual peptides among the 
three biological replicates for each soybean line. In these analyses the null hypothesis was 
that the relative abundance of any peptide (relative to all peptides identified in all proteins) is 
the same among the three replicates in each soybean line (Fig. S1.21). When the false 
discovery rate (q-value) was controlled at 0.05 to reject the null hypothesis (Benjamini and 
Hochberg 1995), in each of the five soybean lines between 2.5% and 20.6% of the peptides 
are identified as differentially accumulating across the three replicates (Fig. 3; Fig. S1.23). 
In addition, multiple unique peptides (representing the same protein) were identified, 
and thus a protein could be assembled by at least two distinct peptides. A total of 28 proteins 
identified in all 15 samples were found to match this condition. For each of the 28 proteins, 
  
32 
we further compared the distribution of peptides representing the same protein among the 
three replicates for each soybean line using the G-test (Zhang et al. 2006). This test was used 
because it provides another means of checking replicate variability. In these analyses the null 
hypothesis was that the relative abundance of any peptide (relative to all peptides identified 
in the same protein) is the same among the three replicates in each soybean line (Fig. S1.22). 
When the false discovery rate (q-value) was controlled at 0.05 (Benjamini and Hochberg 
1995), peptides representing more than 20 of the 28 proteins are identified as differentially 
accumulating across the three biological replicates (Fig. S1.24; Table S6). 
Using the G-test (Zhang et al. 2006), we compared the peptide spectral counts across 
the three biological replicates, which evaluated the variability from replicate to replicate. 
These analyses identified a portion of peptides as differentially accumulating among the three 
replicates in each of the five soybean lines, indicating the replicate-to-replicate variability in 
MudPIT analysis. 
Statistical analyses for multiple genotype comparison 
To identify proteins that differentially accumulate among the five soybean lines, 
several different statistical approaches for pairwise comparisons can be applied (e.g., t-test, 
Fisher’s exact test) (Zhang et al. 2006). However, no statistical method has yet been 
developed for multiconditional comparisons of MudPIT data. Because we analyzed proteins 
from 15 soybean seed samples (5 genotypes x 3 replicates), we sought to devise a multiple 
genotype comparison, to identify differentially accumulating proteins. We applied three 
different statistical tests, a traditional ANOVA based F-test, a permutation test based on the 
F-statistic, and a likelihood ratio test based on a product binomial likelihood (referred to as a 
G-test by Zhang et al. (2006)) to analyze these proteomic data. 
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MudPIT spectral counts (the total number of observed tandem mass spectra for all 
peptides of a protein) (Zhang et al. 2006) have been shown to linearly correlate with protein 
abundances and provide a rapid estimation of the relative levels of proteins between samples 
(Florens et al. 2002; Liu et al. 2004). Therefore, to quantify the relative level of each protein 
across the seed samples, the number of tandem mass spectra attributed to the identification of 
all peptides assigned to a protein was summed (Fig. S1.12; method described in Lee et al. 
2009). The soybean proteomic data were then analyzed by ANOVA, permutation test, and G-
test. Because peptides are first inferred from tandem mass spectral data and then assembled 
into proteins in MudPIT analysis, these tests were applied to the data corresponding to 
individual peptides as well as the data corresponding to the proteins (Fig. S1.14). 
One-way analysis of variance (ANOVA) is a common statistical method for testing 
the equality of the means among multiple samples simultaneously (Zhang et al. 2006). The 
one-way ANOVA assumes that the data show a normal distribution, and requires multiple 
replicates for each sample. However, the assumption of normal distribution may not apply to 
proteomic data due to a bias toward acquisition of more abundant peptide ions by LC-
MS/MS (Liu et al. 2004; Zhang et al. 2006). Furthermore, over 80% of the proteins 
identified were not detected in one of the five soybean lines; a zero spectral count for a given 
line for many of the peptides and proteins. Because ANOVA is intolerant of zero values, we 
applied this method only to the proteins or peptides that were detected in all 15 seed samples. 
Thus, 86 proteins and 226 peptides were analyzed using ANOVA (Fig. S1.26). 
A permutation test is a statistical approach that does not make the assumption of 
normal distribution, and involves shuffling observed data to determine the unusual possibility 
of an observed outcome (Pesarin 2001). The advantage of the permutation test is that we are 
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able to analyze peptides and proteins even if they have a zero spectral count in some of the 
samples. Therefore, the permutation test could be applied to 884 proteins and 1,265 peptides 
that were detected in any one of the 15 seed samples (Fig. S1.10). 
A G-test, an analogue of the chi-square test, is often applied to MudPIT data analysis 
(Zhang et al. 2006). The G-test takes advantage of combining tandem mass spectra and 
requires no variance estimation. By combining the spectral datasets of the replicate samples, 
the number of spectra associated with the peptides was increased. This result is consistent 
with the enhanced statistical confidence associated with repeated spectral count observations 
(Zhang et al. 2006; Lee et al. 2009). For this analysis, we combined spectral datasets of the 
three biological replicates for each soybean line, i.e., the 319 proteins and 729 peptides that 
were detected in all five soybean lines. These 319 proteins and 729 peptides were analyzed 
using the G-test (Fig. S1.27). 
A correction for multiple testing was applied to all analyses to control false discovery 
rates (Benjamini and Hochberg 1995). When the false discovery rate (q-value) was 
controlled at 0.05 to reject the null hypothesis, the ANOVA and permutation test did not 
detect any differentially accumulating peptides or proteins (Fig. S1.25; Fig. S1.28); in 
contrast, the G-test detected 35% and 12% of the proteins and peptides as differentially 
accumulating (Fig. S1.29). 
Based on the comparisons of these three statistical tests (ANOVA, permutation test, 
G-test) (Fig. 2), we focused on the analysis using the G-test (Zhang et al. 2006) because it 
increases the sensitivity of detecting differentially accumulating proteins for multiple 
comparisons. 
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Proteins that differentially accumulate between seed samples across five soybean lines 
G-test evaluation across genotypes indicates 113 of the 319 proteins (35%) detected 
in all five soybean lines have statistically different spectral counts at a false discovery rate (q-
value) < 0.05 (Benjamini and Hochberg 1995). For those proteins whose accumulation did 
not show statistical significance, either additional data are required to determine their 
accumulation pattern, or these are proteins whose accumulation does not vary significantly 
among the five soybean lines. 
As a means of validating this dataset, we first evaluated of the data for proteins whose 
accumulation patterns are well described in the literature. Glycinin contains five major 
subunits (G1, G2, G3, G4, and G5) and beta-conglycinin contains three major subunits 
(alpha, alpha prime, and beta) (Nielsen et al. 1989; Harada et al. 1989). All of these glycinin 
and beta-conglycinin subunits exhibit differential protein accumulation with respect to each 
soybean line (Table 2; Fig. S1.33).  As might be expected for seeds of the high-protein line 
PI153.296, this analysis detects a higher level of all glycinin subunits in this parent as 
compared to the seeds of Evans and the three BC3 isolines, which have nearly equivalent 
levels. This might be considered unexpected, as the mature seeds of BC3 isolines have a 
higher total protein content than Evans. However, the accumulation of proteins in Evans and 
the three BC3 isolines is similar at these early stages of seed filling (Unpublished data; Li, 
Wurtele, Westgate). The accumulation of the beta-conglycinin subunits also differs across 
the five soybean lines. Lower levels of alpha and alpha prime subunits of beta-conglycinin 
accumulate in the seeds of the high-protein line PI153.296, as compared to the low-protein 
line Evans. For most of the beta-conglycinin subunits, accumulation in the BC3 isolines is 
between that of Evans and PI153.296. 
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We are particularly interested in identifying proteins that may mark or even regulate 
soybean seed composition. Therefore, we focused on proteins that accumulate distinctively in 
one parent line (PI153.296 or Evans) as compared to the other four soybean lines. Four of the 
113 proteins with statistically significant differences in spectral counts between the five 
soybean lines fulfill these criteria (Table 3). These four proteins are: 1) an isoform of P34 
(Glyma05g29130), a 34-kDa vacuole-thiol-protease-like protein that has been annotated as 
accumulating during seed maturation (Kalinski et al. 1992); 2) one of the two cytosolic 
triosephosphate isomerase (TPI) isoforms that were identified in this study, specifically TPI 
isoform Glyma13g41120; 3) one of the seven isoforms of lipoxygenase that were identified, 
specifically Glyma13g42310; and 4) a single isoform of beta-amylase, Glyma06g45700.  Of 
these four proteins, the first three listed accumulate to a lower level in PI153.296 than Evans 
and the three BC3 isolines, and because these proteins accumulate to nearly equivalent levels 
in the three BC3 isolines as the PI153.296 parent, their accumulation trait is probably 
inherited from the PI153.296 parent.  In contrast, the beta-amylase isoform accumulates to a 
higher level in PI153.296 as compared to Evans, which is near the level detected in the three 
BC3 isolines, indicating that this protein’s accumulation trait may have been inherited from 
the Evans parent. 
Microarray and cluster analysis 
To gain insight into changes in the seed transcriptome associated with increased seed 
protein content, a transcriptomic analysis was performed using RNA extracts isolated from the 
same sets of soybean seed samples. The relative steady-state levels of mRNAs were 
determined in seeds of the five soybean lines (PI153.296, Evans, BC3-33, BC3-93, BC3-128) 
using the Affymetrix GeneChip Soybean Genome Array platform (Affymetrix, 
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http://www.affymetrix.com) (Fig. S1.5; Table S2). As indicated by statistical tests of the 
normalized data conducted by using an ANOVA statistical comparison over 1,850 transcripts 
were identified as differentially accumulating among these seed samples (median centered log 
signals (Fig. S1.7); significance defined as p-value of < 0.0025) (Fig. S1.15; Table S7). This 
threshold for significance yielded a false discovery rate (q-value) of approximately 0.05, 
calculated as described by Benjamini and Hochberg (1995). 
The more than 1,850 soybean transcripts that show statistically significant differential 
levels of accumulation among the five soybean genotypes were classified into 13 clusters based 
upon their pattern of accumulation using a K-medoids algorithm (Theodoridis and 
Koutroumbas 2006) (Fig. S1.17; Table S7). In each of the 13 clusters transcript levels have a 
distinctive accumulation pattern among PI153.296, Evans, and the three BC3 isolines (e.g., in 
one of the 13 clusters transcript accumulation levels are higher in the BC3 isolines than in both 
PI153.296 and Evans). To identify transcripts whose accumulation trait in the BC3 isolines 
may be inherited from one parent line (PI153.296 or Evans), we focused on clusters in which 
transcript accumulate levels in the three BC3 isolines match the level in either one of the 
parents. This analysis resulted in the identification of four clusters, which are labeled A, B, C, 
and D (Fig. 4; Fig. S1.18): cluster A consists of 180 transcripts in which the transcript levels 
are higher in PI153.296 than in Evans and the three BC3 isolines; cluster B consists of 239 
transcripts, and the transcript levels are lower in PI153.296 than in Evans and the three BC3 
isolines; cluster C consists of 119 transcripts, and here the transcript levels are lower in Evans 
than in PI153.296 and the three BC3 isolines; and finally cluster D consists of 50 transcripts 
and the transcript levels are higher in Evans than in PI153.296 and the three BC3 isolines. 
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Functional assignments for differentially accumulating transcripts 
Putative functions of the transcripts in the four clusters (i.e., cluster A, B, C, D) were 
assigned using MetNet (http://www.metnetdb.org/). These assignments were based upon 
sequence comparisons each soybean EST-encoded protein and the predicted Arabidopsis 
proteome (derived from genome version TAIR6 (http://www.arabidopsis.org/)), and the GO 
term associated with the closest Arabidopsis homolog was assigned to each soybean transcript 
(Fig. S1.19; Table S7). One hundred and twenty of the 180 transcripts in the accumulation 
cluster A were assigned to GO terms; 150 of the 239 transcripts in the accumulation cluster B 
were assigned to GO terms; 81 of the 119 transcripts in the accumulation cluster C were 
assigned to GO terms; and 31 of the 50 transcripts in the accumulation cluster D were assigned 
to GO terms. However, about a half of the transcripts in each of the four clusters were assigned 
with the GO term, ‘unknown function’. 
Among the transcripts annotated by GO terms, 12 and 24 transcripts encode proteins 
putatively functioning in protein metabolism, and these are in the accumulation cluster A and B 
respectively, which indicates a difference in protein synthesis and deposition between 
PI153.296 (high-protein parent) and the other four soybean lines. In contrast, eight and six 
transcripts encode proteins putatively functioning in lipid transport, and these are in the 
accumulation cluster C and D respectively, indicating that the process of lipid transport may be 
different between Evans (low-protein parent) and the other four soybean lines. 
Transcripts in these four clusters (i.e., cluster A, B, C, D) were further assigned with 
MapMan annotations (Thimm et al. 2004) using MetNet (http://www.metnetdb.org/). These 
latter analyses identified those differentially accumulating transcripts encoding for putative 
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regulatory proteins (e.g., transcription factors, signaling molecules, or protein kinases) that may 
have significant roles in regulating seed development and/or metabolism. 
These analyses annotated three differentially accumulating transcripts as encoding zinc 
finger family transcription factors (Borden et al. 1996; Brown 2005) (Fig. 5): 1) a C3HC4-type 
(Lorick et al. 1999) zinc finger transcription factor (Gma.11974.1.S1_s_at (Glyma18g00300)) 
is in the accumulation cluster A; 2) a ZPR1-type (Gangwani et al. 2006) zinc finger 
transcription factor (Gma.7267.1.S1_a_at (Glyma07g34890)) is in the accumulation cluster B; 
and 3) a DHHC-type (Laity et al. 2001) zinc finger transcription factor 
(GmaAffx.52970.1.S1_at (Glyma02g07190)) is in accumulation cluster C. The accumulation 
pattern of the former two of zinc finger transcription factors is similar between Evans and the 
three BC3 isolines. 
The same analyses also annotated ten differentially accumulating transcripts as 
encoding proteins kinases (Fig. 6): 1) a putative ankyrin repeat family (Mosavi et al. 2002) 
protein kinase (GmaAffx.19051.1.S1_at (Glyma01g06290)) is in the accumulation cluster A; 
2) five putative protein kinases (e.g., Gma.18018.1.S1_at (Glyma06g17460)) are in the 
accumulation cluster B; 3) a protein kinase-like protein (Gma.10305.1.S1_at 
(Glyma19g01000)) is in the accumulation cluster C; and 4) three putative protein kinases (e.g., 
a putative protein mixed-lineage (Handley et al. 2007) protein kinase (GmaAffx.24666.1.S1_at 
(Glyma06g07110))) are in the accumulation cluster D. The genes identified with one of these 
two functional groups (i.e., transcription factors and protein kinases) are possible candidates as 
effectors of primary metabolism associated with overall seed composition. 
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Comparative analysis of proteome and transcriptome datasets 
Because we used the same soybean seed samples for both the proteomic and 
transcriptomic analyses, we are able to directly compare the relationship between the 
proteomes and transcriptomes of these seeds (Fig. S1.1). Among the 319 proteins detected by 
MudPIT analysis in at least one of the three replicates from all five soybean lines and further 
analyzed using the G-test, 113 proteins were identified as differentially accumulating among 
the five soybean genotypes (q-value < 0.05) (Fig. S1.29). In parallel, over 1,850 transcripts 
were identified as differentially accumulating among these samples using an ANOVA 
comparison (q-value < 0.05) (Fig. S1.15). However, only 208 proteins and transcripts (i.e., 
gene elements) occur in both sets of data (Fig. S1.36). 
Changes in transcript levels may be expected to reflect changes in the levels of 
corresponding proteins (Foss et al. 2007), so we compared the relative accumulation levels of 
these 208 gene elements that were analyzed by both proteomic and transcriptomic platforms at 
the level of protein and transcript accumulation. Among these 208 gene elements, 12 are 
identified as differentially accumulating in both the proteomic and transcriptomic datasets; 29 
are identified as differentially accumulating in the transcriptomic dataset but not in the 
proteomic datasets; and 60 are vise verse (significance defined as q-value of < 0.05; Benjamini 
and Hochberg 1995) (Table S8). Therefore, the differential accumulation of the majority of the 
detected proteins cannot be predicted from the changes in the transcript levels of the 
corresponding gene element. 
Parallel analyses were conducted to determine whether there is a linear relationship 
between the 208 proteins detected by MudPIT analysis to be differentially accumulating, and 
their corresponding transcripts as detected by the soybean Affymetrix GeneChip array (Fig. 
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S1.35). A linear relationship between two variables can be measured as a correlation 
coefficient (Rodgers and Nicewander 1988). Here, Pearson correlation coefficients (r) of the 
accumulation of these 208 individual proteins and their corresponding transcripts were 
calculated based on the accumulation of proteins (normalized spectral counts (Fig. S1.30)) and 
transcripts (median centered log signals (Fig. S1.16)) (Fig. S1.37). The Pearson correlation 
coefficients range from -0.987 to 0.997 with a mean of 0.460 (Table S8). We compared these 
experimental results to the analogous values for 1,000 randomly generated sets of gene 
elements from our proteomic and transcriptomic data. In these analyses, the proteomic and 
transcriptomic datasets were randomly permutated, and for each permutation, Pearson 
correlation coefficients between protein and transcript accumulation were recalculated. The 
mean of Pearson correlation coefficients for these 1,000 sets is 0.425 (Fig. 7), and thus we 
select 0.425 as a threshold. A total of 138 proteins and their corresponding transcripts derived 
from the experimental data have Pearson correlation coefficients > 0.425. Thus, the correlation 
between transcript and protein levels is insufficient to predict protein accumulation from 
transcript accumulation. Therefore, changes in transcript levels cannot accurately reflect 
changes in the levels of corresponding proteins for all gene elements. 
We subsequently ascertained the accumulation patterns of the proteins and transcripts 
encoding glycinin and beta-conglycinin, two highly abundant seed storage proteins (Fig. 
S1.33). All major polypeptide subunits of these two gene elements exhibit differential 
accumulation among five soybean lines (q-value < 0.05) (Table 2). Specifically, all five 
glycinin subunits (G1, G2, G3, G4, G5) accumulate to higher levels in PI153.296 as compared 
to Evans and the three BC3 isolines, whereas beta-conglycinin alpha prime subunit 
accumulates more in Evans as compared to PI153.296 and the three BC3 isolines. However, 
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each of the corresponding transcripts shows no differential accumulation pattern across the five 
soybean lines. 
In addition, we compared the proteomic and transcriptomic datasets for four enzyme-
coding gene elements (lipoxygenase (Glyma13g42310), TPI (Glyma13g41120), beta-amylase 
(Glyma06g45700), P34 (Glyma05g29130)), whose protein accumulation is distinctive between 
either one of the parents (PI153.296 or Evans) and the other four genetic lines (Table 3). Such a 
comparison could not be conducted for the P34 protein as the matching transcript is not 
represented on the soybean Affymetrix GeneChip array. Although the other three enzymes 
were detected in the proteomic datasets to differentially accumulate among the five soybean 
lines, the accumulation of the transcripts encoding these three proteins were at similar levels 
among the same five soybean lines (Fig. S1.34). Thus, comparative quantitative proteomics can 
measure changes of proteins that would not be predicted by mRNA changes. 
DISCUSSION 
Comparison of MudPIT and 2-DE based proteomic analyses 
Prior studies have compared the proteome detected by MudPIT and two-dimensional 
gel electrophoresis (2-DE) based analyses, which were performed on the same biological 
samples (e.g., Koller et al. 2002). Koller et al. (2002) aimed to establish a reference 
proteome map among different rice tissues, which compared the proteomes of rice leaves, 
roots, and seeds, and found 18%, 10%, and 11%, respectively, of protein overlap between the 
two methods. This indicates there is a significant difference between MudPIT and 2-DE 
based analyses for proteomic characterization. MudPIT is more sensitive and can thus 
identify less abundant proteins and membrane proteins that are difficult to detect in gel-based 
proteomic studies (Lee and Cooper 2006; Agrawal et al. 2008). 
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Hajduch et al. (2005) and Agrawal et al. (2008) used 2-DE to profile proteins in 
soybean (Glycine max L. Maverick) seeds during seed development. Agrawal et al. (2008) 
identified ~100 proteins for each biological replicate at 21 DAF, which compares with our 
study that identified 280 to 330 proteins among each biological replicate, and over 884 
proteins identified among the 15 samples (5 genotypes x 3 replicates). Over 90% of the 
proteins reported by Agrawal et al. (2008) were identified in our study, however, using 
MudPIT we were able to identify over 500 additional proteins not detected in that study 
(Agrawal et al. 2008). For example, we detected five glycinin and three beta-conglycinin 
subunits, whereas only one glycinin and two beta-conglycinin subunits were reported by 
Agrawal et al. (2008). The proteins identified in our study encompass a wide variety of 
functions, based on GO term annotations and pathway assignments. However, the large 
number of proteins we identified as enzymes are involved in metabolic process, and the 
paucity of signaling proteins may be due to a lower abundance of the latter type of proteins. 
Protein isoforms and protein modifications (e.g., phosphorylation) are often difficult 
to identify in MudPIT (Lee and Cooper 2006; Ahn et al. 2007), whereas these are often 
detected as different spots in 2-DE. For instance, we were only able to detect two isoforms of 
RuBisCO (Ribulose-1,5-bisphosphate carboxylase oxygenase) small subunit 
(Glyma19g06420, Glyma13g07610), whereas 11 different gel spots of this protein were 
reported by Hajduch et al. (2005), although the exact modifications were not determined. The 
identification of protein isoforms or protein modifications could provide information on post-
transcriptional or post-translational modifications, to date these cannot be acquired in a large 
scale using proteomic, transcriptomic or metabolomic approaches. 
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Investigation of proteome during seed development 
Seed development is a complex process that encompasses three sequential but 
partially overlapping stages: embryogenesis, seed filling, and maturation (Gallardo et al. 
2003; Hajduch et al. 2005). Of these processes, seed filling is the longest developmental 
period, and requires cell division, cell expansion, and biosynthesis of storage products 
(carbohydrates, proteins and oils) (Hajduch et al. 2007; Le et al. 2007; Agrawal et al. 2008). 
The metabolic events that occur during this period determine the overall seed composition at 
maturation (Hajduch et al. 2005; Hajduch et al. 2007). Such a complex biological system has 
been challenging to molecularly dissect.  However, in more recent years the development of 
global profiling technologies (transcriptomics, proteomics, metabolomics, and metabolic 
flux) has created opportunities and challenges to identify genes, proteins, and metabolic 
processes that are important to seed development, and may provide insights into the basis of 
seed composition (Fiehn et al. 2000; Iyver et al. 2007; Agrawal et al. 2008). 
Here, we focused on applying a combination of proteomics and transcriptomics 
global profiling technologies on developing near-isogenic soybean seeds that express 
different compositions. We profiled these seeds at 20 DAF because 1) primary embryo 
development and early seed filling had already occurred; 2) storage proteins (e.g., glycinin 
and beta-conglycinin) have started to accumulate but still remain relatively low, and thus it is 
likely to have relatively less of an effect on the identification and quantification of low 
abundant proteins; and 3) there are stage-specific mRNA expression patterns (Unpublished 
data; Li, Wurtele). 
Glycinin and beta-conglycinin are two major seed storage proteins that account for 
approximately 70 to 80% of the total proteins in mature soybean seeds (Natarajan et al. 
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2005). In contrast, at 20 DAF these two proteins account for ~30% of the total spectral count 
attributed to protein identification in soybean seeds, indicating a relatively low level of 
storage proteins at this stage of development. The two seed storage proteins are hydrolyzed 
after germination to provide a source of carbon and nitrogen for the developing seedling. All 
of the major subunits for glycinin (G1, G2, G3, G4, G5) and beta-conglycinin (alpha, alpha 
prime, beta) were detected across the five soybean lines. These subunits share high sequence 
similarity, but they can be distinguished with the identification of multiple distinct peptides. 
Although multiple genes coding for each subunit have been reported (Nielsen et al. 1989; 
Harada et al. 1989), only a single isoform for each subunit (glycinin G1 (Glyma03g32030), 
G2 (Glyma03g32020), G3 (Glyma19g34780), G4 (Glyma10g04280), G5 (Glyma13g18450) 
and beta-conglycinin alpha (Glyma20g28650), alpha prime (Glyma10g39150), beta 
(Glyma20g28460)) was identified in our proteomic study. 
Determination of potential functions using Regulon assignment 
One hundred and sixty three of the transcripts that show distinctive accumulation 
patterns between either one of the soybean parents (PI153.296 or Evans) and the other four 
soybean lines are assigned with the GO term, ‘unknown function’. These transcripts therefore 
encode proteins that do not share sequence similarity with previously described catalytic 
domains or structural motifs. 
To generate a hypothesis concerning the potential functions of these genes, we used a 
previously described strategy of Li et al. (2009) and assessed their regulon membership (co-
expressed gene clusters) by matching them to their closest Arabidopsis counterparts 
(Mentzen and Wurtele 2008). For example, the gene (Glyma19g00860), which accumulates 
to a higher level in PI153.296 than the other four soybean lines, shares highest sequence 
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similarity to the Arabidopsis gene, At1g08580. Although this Arabidopsis gene is 
characterized as a protein with unknown function (PUF; Gollery et al. 2006), its expression 
pattern places in the Arabidopsis Regulon 3, which includes numerous genes involved in 
‘protein synthesis’. This match suggests that Glyma19g00860 may be involved in the process 
of protein synthesis. 
In contrast, the transcript from gene Glyma16g23830, which accumulates to a higher 
level in Evans than the other four soybean lines, shares sequence similarity to the 
Arabidopsis gene, At1g73320; although this latter gene is also characterized as a PUF, it is 
included in the Arabidopsis Regulon 2, ‘photosynthesis’. Hence, this soybean gene 
(Glyma16g23830) might have a role in seed embryonic photosynthesis. Photosynthetic 
activity has been reported in developing seeds of soybean, Medicago, and Arabidopsis, 
suggesting a potential mechanism for recycling released CO2 during biosynthesis of storage 
product in seeds (Ruuska et al. 2002; Gallardo et al. 2003; Hajduch et al. 2007). Among the 
163 soybean transcripts annotated by GO terms with ‘unknown’ function, 18 are included in 
Regulon 3, ‘protein synthesis’, and 49 are in Regulon 2, ‘photosynthesis’. 
Glycolysis in amino acid and fatty acid synthesis 
The metabolic network for partitioning carbon and nitrogen into amino acids and fatty 
acids is complex, due in part to parallel glycolytic pathways in the cytosol and plastids 
(Plaxton et al. 1996; Fernie et al. 2004; Iyer et al. 2008). Plastids are the major site of amino 
acid biosynthesis (Berg et al. 2004; Buchanan et al. 2006) and fatty acid biosynthesis 
(Nikolau et al. 2003), and these are building blocks of proteins and complex lipids and oils, 
respectively (Berg et al. 2004; Buchanan et al. 2006). Several metabolic flux studies of 
central carbon metabolism of developing legume seed embryos suggest that glycolysis plays 
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an important role in carbon assimilation and de novo amino acid and fatty acid synthesis 
(Kubis et al. 2004; Iyer et al. 2007; Iyer et al. 2008). 
The plastidic pyruvate, which can be produced via both glycolysis and malate, is a 
focal point in the metabolic network for carbon and nitrogen partitioning into protein and oil 
(Iyer et al. 2008). We were able to identify 13 polypeptides of five glycolytic enzymes in 
developing soybean seeds, however, no enzyme involved in the conversion of malate to 
pyruvate (e.g., malic enzyme) was found in any of the 15 samples. This finding suggests that 
protein accumulation levels of the enzymes in glycolysis are higher than those of the 
enzymes catalyzing the production of pyruvate from malate. Our results are consistent with 
metabolic flux studies in developing Brassica napus (rapeseed), Helianthus annuus 
(sunflower) and soybean embryos (Schwender et al. 2003; Alonso et al. 2007; Iyer et al. 
2008), suggesting that pyruvate is primarily produced via the glycolytic pathway and is 
negligibly derived from malate during seed development. 
In our study, we identified five enzymes (three isoforms of FBA (Glyma02g38730, 
Glyma03g34950, Glyma14g36850), two isoforms of TPI (Glyma13g41120, 
Glyma15g04290), two isoforms of GAPDH (Glyma04g36860, Glyma18g01330), two 
isoforms of PGK (Glyma15g41540, Glyma15g41550), two isoforms of enolase 
(Glyma03g34830, Glyma09g28100)) involved in cytosolic and only one (two isoforms of 
GAPDH (Glyma06g18110, Glyma06g18120)) for plastid glycolysis in soybean seeds at 20 
DAF. Our results are in agreement with the observations in developing Brassica napus and 
Medicago truncatula seeds (Gallardo et al. 2003; Hajduch et al. 2006). The finding that the 
cytosolic isoforms of the glycolytic enzymes may be more abundant in the developing seeds 
suggests that primary flux through the glycolytic reactions might be principally cytosolic 
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during seed development. Thus, the major carbon and nitrogen influx into the plastid may 
occur at the level of phosphoenolpyruvic acid (PEP) during seed development. 
Iyer et al. (2008) suggested the importance of cytosolic PEP carboxylase in regulating 
carbon partitioning into protein and oil in soybean seeds. In our study, this gene element was 
detected in the transcriptomic datasets to accumulate at a similar level among the five 
soybean lines. Furthermore, we could not detect this protein using MudPIT probably due to 
the low accumulation of this enzyme. However, one isoform of TPI (Glyma13g41120) was 
detected in the proteomic datasets to differentially accumulate among the five soybean lines, 
suggesting that the regulation of carbon flux related to seed composition may occur at this 
reaction during seed development.  
Correlation between protein and transcript accumulation 
We have determined the correlation relationship between transcript and protein 
accumulation levels for the 208 gene elements that occur in both transcriptomic and 
proteomic datasets. However, only 138 of the 208 gene elements exhibit a linear relationship 
between transcript and protein accumulation. Furthermore, 60 of the 208 gene elements are 
statistically different in protein accumulation but not in transcript accumulation among the 
five soybean lines and 29 are vise verse. Our integrated analyses, in agreement with prior 
studies (e.g., Gygi et al. 1999; Griffin et al. 2002; Tian et al. 2004; Dembinsky et al. 2007), 
reveal that changes in transcript accumulation levels provide little predictive value with 
respect to the levels of protein accumulation. 
The moderate correlation between transcript and protein accumulation can be 
partially attributed to the variations within and between two experimental platforms (e.g., 
measurement errors of microarray and quantitative proteomics). Microarray-based 
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transcriptome profiling is a more mature large-scale technology with higher sensitivity than 
proteome profiling. Our analyses of the peptide spectral counts across the three replicates 
indicate the variability from replicate to replicate, suggesting that proteomics, using label-
free MudPIT, is more variable in protein identification and quantitation. Thus, the correlation 
between transcript and protein accumulation can be corrupted by the noise in the two 
platforms. To minimize the effect of variability, we should be cautious to control the 
potential factors (e.g., sample preparation). 
The discordance between transcript and protein accumulation that we observed during 
seed development may be a result of various levels of regulation (e.g., posttranscriptional, 
translational, or posttranslational regulation). For example, the Pearson correlation 
coefficient between transcript and protein accumulation of the beta-amylase isoform 
(Glyma06g45700) is 0.846. However, this gene element is identified as differentially 
accumulating in the proteomic datasets but not in the transcriptomic datasets. This finding 
may suggest posttranscriptional regulation during protein synthesis, although our proteomic 
and transcriptomic data are not sufficient to explain the exact mechanism of regulation. 
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Figure 1. Proteins identified in soybean seeds have a wide variety of functions 
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Figure 1. Proteins identified in soybean seeds have a wide variety of functions. Among the 884 
proteins identified, 760 proteins could be assigned to 83 different GO 
(http://www.geneontology.org/) ‘biological process’ terms. Note that it is possible for the same 
protein to be counted in several categories. A) Five categories of GO ‘biological process’ 
parent terms. B) Six categories of GO ‘biological process’ terms in ‘primary metabolism’. C) 
Five categories of GO ‘biological process’ terms in ‘protein metabolism’. 
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Figure 2. A) Distribution of p-values calculated by three statistical tests (ANOVA, permutation 
test, and G-test) on the peptides and proteins 
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B) 
 
 
Figure 2. A) Distribution of p-values calculated by three statistical tests (ANOVA, permutation 
test, and G-test) on the peptides and proteins (Figure S1.14). B) The G-test identifies 113 
proteins with a p-value < 0.05; permutation test identifies 26 proteins with a p-value < 0.05; 
ANOVA identifies 13 proteins with a p-value < 0.05. Proteins with a p-value < 0.05 in either 
the ANOVA or permutation test are all included in the proteins with a p-value < 0.05 in the G-
test. However, when the false discovery rate (Benjamini and Hochberg 1995) is controlled at 
0.05, the ANOVA and permutation test do not detect any peptide or protein that is 
differentially accumulating. In contrast, the G-test (Zhang et al. 2006) detects 12% and 35% of 
the peptides and proteins as differentially accumulating.  
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Figure 3. Distribution of the differentially accumulating peptides for each soybean line (Figure 
S1.13). The G-test (Zhang et al. 2006) is applied to evaluate the differential accumulation of 
each peptide from three biological replicates for each soybean line, with the null hypothesis 
being that the relative abundance of the peptide (relative to all peptides identified in all 
proteins) is equal among the three replicates. When the false discovery rate (q-value; 
Benjamini and Hochberg 1995) is controlled at 0.05 to reject the null hypothesis, 17 of the 395 
peptides (4.3%) are identified as differentially accumulating in the PI153.296 seeds; 9 of the 
365 peptides (2.5%) are identified as differentially accumulating in the Evans seeds; 10 of the 
396 peptides (2.5%) are identified as differentially accumulating in the BC3-33 seeds; 69 of the 
335 peptides (20.6%) are identified as differentially accumulating in the BC3-93 seeds; and 21 
of the 464 peptides (4.5%) are identified as differentially accumulating in the BC3-128 seeds. 
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Figure 4. Four clusters of transcripts show distinctive accumulation between one parent 
(PI153.296 or Evans) and the other four lines (Figure S1.18). Transcript accumulation profiles 
are normalized by natural logarithmic transformation and median centered. The median-
centered log signals (red lines) are standardized and clustered using a K-medoids algorithm 
(Theodoridis and Koutroumbas 2006). A) This cluster contains 180 transcripts that are most 
highly accumulating in PI153.296 and similarly accumulating in the other four lines. B) This 
cluster contains 239 transcripts that are most lowly accumulating in PI153.296 and similarly 
accumulating in the other four lines. C) This cluster contains 119 transcripts that are most 
lowly accumulating in Evans and similarly accumulating in the other four lines. D) This cluster 
contains 50 transcripts that are most highly accumulating in Evans and similarly accumulating 
in the other four lines. 
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Figure 5. Differential accumulation of three transcripts encoding putative zinc finger 
transcription factors between one parent (PI153.296 or Evans) and the other four lines. 
Transcript accumulation is taken as the mean of median centered log signals of three biological 
replicates for each line. Standard error bars are shown. A F-test (O’Rourke et al. 2007) is used 
to compare the accumulation levels of these three transcripts among five lines (q-value < 0.05). 
Within each panel, different letters indicate differential accumulation. These three transcripts 
encode different types of zinc finger transcription factors. A) C3HC4 type zinc finger family 
(Gma.11974.1.S1_s_at). B) ZPR1 type zinc finger family (Gma.7267.1.S1_a_at). C) DHHC 
type zinc finger family (GmaAffx.52970.1.S1_at). 
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Figure 6. Differential accumulation of four transcripts encoding putative protein kinases 
between one parent (PI153.296 or Evans) and the other four lines. Transcript accumulation is 
taken as the mean of median centered log signals of three biological replicates for each line. 
Standard error bars are shown. A F-test (O’Rourke et al. 2007) is used to compare the 
accumulation levels of these four transcripts among five lines (q-value < 0.05). Within each 
panel, different letters indicate differential accumulation. These four transcripts encode four 
different protein kinases. A) Ankyrin-repeat family protein (GmaAffx.19051.1.S1_at). B) 
Protein kinase family protein (Gma.18018.1.S1_at). C) Protein kinase-like protein 
(Gma.10305.1.S1_at). D) Putative protein mixed-lineage kinase (GmaAffx.24666.1.S1_at). 
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Figure 7. Distribution of mean correlation coefficient of 1,000 randomly generated datasets 
(Figure S1.37). The value of transcript accumulation for each transcript is determined as the 
average normalized transcripts (median centered log signals) of three biological replicates for 
each line. The value of protein accumulation for each protein is taken as the normalized 
spectral count. Pearson correlation coefficients are calculated between these proteins and their 
associated transcripts. The Pearson correlation coefficients range from -0.987 to 0.997 and the 
mean is 0.460 as the arrow indicates. We randomly generate 1,000 sets of our proteomic and 
transcriptomic data and recalculate the Pearson correlation coefficients between protein and 
transcript accumulation. The average correlation coefficient of these randomly generated 
datasets is 0.425 (Table S8). 
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Figure 8. Central carbon metabolism in developing soybean seeds (Figure S1.32). Figure is 
compiled from Plaxton et al. (1996), Fernie et al. (2004), Berg et al. (2004), Kubis et al. 
(2004), Buchanan et al. (2006), Iyer et al. (2007), and Iyer et al. (2008). Glycolytic enzymes 
are indicated by blue text. Isoforms of glycolytic enzymes identified in our proteomic study are 
enclosed in ovals. Abbreviations for enzymes are: PFK, phosphofructokinase; FBA, fructose 
bisphosphate aldolase; TPI, triosephosphate isomerase; GAPDH, glyceraldehyde 3-phosphate 
dehydrogenase; PGK, phosphoglycerate kinase; PGM, phosphoglycerate mutase; ENO, 
enolase; PK, pyruvate kinase; ME, malic enzyme; PPC, PEP carboxylase. Abbreviations for 
metabolites are: F-6-P, fructose 6-phosphate; F-1,6-BP, fructose 1,6-bisphosphate; GADP, 
glyceraldehyde-3-phosphate; DHAP, dihydroxyacetone phosphate; 1,3-BPG, 1,3-
bisphohpoglycerate; PG, phosphoglycerate; PEP, phosphoenolpyruvic acid; Pyr, pyruvate; R-
5-P, ribulose 5-phosphate; OAA, oxaloacetate. 
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Percentage of spectral count (%) 
Protein group 
PI153.296 Evans BC3-33 BC3-93 BC3-128 
Glycinin 24 18 17 19 17 
Beta-conglycinin 10 11 10 11 9 
Total 34 29 27 30 26 
 
Table 1. Percentage of spectral count for two major seed storage proteins (Figure S1.31). The 
spectral count of a protein is the total number of tandem mass spectra contributing to the 
identification of both distinct and shared peptides assigned to this protein from each replicate. 
Each line has three replicates. The spectral count for either glycinin or beta-conglycinin is a 
sum of spectral counts for all subunits identified in each line at 20 days after flowering. 
Glycinin contains five major subunits, including G1, G2, G3, G4, and G5 (Nielsen et al. 1989). 
Beta-conglycinin contains three major subunits, including alpha, alpha prime, and beta (Harada 
et al. 1989). Total is the sum of glycinin and beta-conglycinin. The percentage of spectral 
count for each protein group is calculated by the total spectral counts for this group dividing by 
the total spectral counts of all proteins identified from each line. 
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Normalized spectral count 
Protein ID 
Protein 
description PI153.296 Evans BC3-33 BC3-93 BC3-128 
Glyma03g32030.1 Glycinin G1 0.075±0.019 0.066±0.007 0.059±0.016 0.059±0.017 0.051±0.008 
Glyma03g32020.1 Glycinin G2 0.070±0.021 0.059±0.007 0.053±0.011 0.058±0.004 0.050±0.012 
Glyma19g34780.1 Glycinin G3 0.041±0.009 0.026±0.006 0.020±0.007 0.032±0.008 0.028±0.009 
Glyma10g04280.1 Glycinin G4 0.045±0.009 0.025±0.004 0.028±0.006 0.036±0.004 0.029±0.005 
Glyma13g18450.1 Glycinin G5 0.049±0.008 0.028±0.003 0.031±0.001 0.036±0.003 0.030±0.005 
Glyma20g28650.1 
Beta-conglycinin 
alpha 
0.048±0.009 0.063±0.012 0.056±0.002 0.062±0.010 0.045±0.004 
Glyma10g39150.1 
Beta-conglycinin 
alpha prime 
0.061±0.004 0.072±0.009 0.065±0.010 0.068±0.007 0.056±0.005 
Glyma20g28460.1 
Beta-conglycinin 
beta 
0.019±0.006 0.016±0.008 0.015±0.002 0.017±0.003 0.011±0.002 
 
Table 2. Normalized spectral count of glycinin and beta-conglycinin subunits (Figure S1.33). 
The normalized spectral count measurements for each subunit are the mean ± SE of three 
biological replicates. The normalized spectral count of a subunit from each replicate is 
calculated by the spectral count for this subunit dividing by the total spectral counts of all 
proteins identified in this replicate. A statistical G-test (Zhang et al. 2006) is applied to 
compare spectral counts of each subunit among five different lines. The Benjamini and 
Hochberg (1995) correction is applied to control the false discovery rates at 0.05. The 
normalized spectral counts of each subunit are significantly different among the five soybean 
lines (q-value < 0.05). 
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Normalized spectral count 
Protein ID 
Protein 
description PI153.296 Evans BC3-33 BC3-93 BC3-128 
Glyma05g29130.1 
34 kDa vacuole-
thiol-protease-
like protien 
0.024±0.007 0.039±0.004 0.033±0.005 0.037±0.014 0.031±0.004 
Glyma13g42310.1 Lipoxygenase 0.009±0.001 0.012±0.003 0.010±0.005 0.010±0.002 0.009±0.001 
Glyma13g41120.1 
Triosephosphate 
isomerase 
0.005±0.001 0.008±0.003 0.006±0.003 0.005±0.002 0.006±0.002 
Glyma06g45700.1 Beta-amylase 0.007±0.004 0.004±0.004 0.004±0.001 0.005±0.003 0.005±0.002 
 
Table 3. Normalized spectral count of four proteins accumulated distinctively between one 
parent (PI153.296 or Evans) and the other four lines (Figure S1.34). The normalized spectral 
count measurements for each protein are the mean ± SE of three biological replicates. The 
normalized spectral count of a protein from each replicate is calculated by the spectral count 
for this protein dividing by the total spectral counts of all proteins identified in this replicate. A 
statistical G-test (Zhang et al. 2006) is applied to compare spectral counts of each protein 
among five different lines. The Benjamini and Hochberg (1995) correction is applied to control 
the false discovery rates at 0.05. The normalized spectral counts of each protein are 
significantly different among the five soybean lines (q-value < 0.05). 
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  Number of isoforms 
Enzyme Subunit Plastid Cytosol 
PFK 1 13 23 
FBA 1 9 8 
TPI 1 8 4 
GAPDH  1 7 9 
GAPDH  2 4 3 
PGK 1 3 2 
PGM 1 17 18 
ENO 1 4 19 
PK 1 20 19 
 
Table 4. Soybean glycolytic enzymes in plastid and cytosol of soybean genome (Figure S1.32). 
The genes from the soybean (Glycine max Williams 82) genome (Glyma1.0; 
http://www.phytozome.net/soybean.php) encoding different glycolytic enzymes are identified 
based upon PANTHER annotations (http://www.pantherdb.org/) and GO annotations 
(http://soybase.org/). The localization of each gene is predicted by using TargetP 
(http://www.cbs.dtu.dk/services/TargetP/). Abbreviations for enzymes are: PFK, 
phosphofructokinase; FBA, fructose bisphosphate aldolase; TPI, triosephosphate isomerase; 
GAPDH, glyceraldehyde 3-phosphate dehydrogenase; PGK, phosphoglycerate kinase; PGM, 
phosphoglycerate mutase; ENO, enolase; PK, pyruvate kinase. 
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Supplemental materials 
Figure S1. Flow diagram. 
Table S1. Proteomic data (Results of PANORAMICS output). This includes peptide sequence 
matches, Mascot scores, protein group probabilities, and summed protein spectral counts for 15 
samples (5 genotypes x 3 replicates). The 5 lines are PI153.296, Evans, BC3-33, BC3-93, and 
BC3-128. 
Table S2. Microarray data. This includes Affymetrix GeneChip Soybean Genome Array 
output for 15 samples (5 genotypes x 3 replicates). The 5 lines are PI153.296, Evans, BC3-33, 
BC3-93, and BC3-128. 
Table S3. Protein GO term annotations. These include GO (biological process, molecular 
function, cellular component) term annotations of the 884 proteins identified in soybean seeds 
at ~20 DAF. 
Table S4. Statistical tests of proteomic data. These include the results analyzed by using three 
statistical tests (ANOVA, permutation test, G-test) at the protein and peptide levels. 
Table S5. Normalized spectral counts of the proteins for the G-test. This includes the 
normalized spectral counts of the 319 proteins present in all five lines and analyzed using the 
G-test. 
Table S6. G-test of proteomic data corresponding to individual peptides. This includes the 
results of the G-test checking peptide and peptide ratio across the three replicates for each line. 
Table S7. Statistical analysis of microarray data. This includes the results of ANOVA, GO 
annotation and clustering of the 1,878 differentially accumulating transcripts. 
Table S8. Pearson correlation coefficients between proteomic and microarray data. This 
includes the Pearson correlation coefficients of the 208 gene elements between protein and 
transcript accumulation. 
Table S9. Predicted soybean glycolytic enzymes. This includes the summary of predicted 
soybean glycolytic enzymes with their localization, and the polypeptides identified in our 
study. 
Table S10. Regulon (co-expressed cluster) assignment of the 163 differentially accumulating 
transcripts annotated with GO term ‘unknown function’. 
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CHAPTER 3. EXPRESSION OF BETA-KETOACYL-ACYL CARRIER 
PROTEIN SYNTHASE III (KASIII) CODING GENES (YHFB AND 
YJAX) FROM BACILLUS IN ARABIDOPSIS THALIANA 
Xiaomin Yu, Yuqin Jin, Basil J. Nikolau, Eve Syrkin Wurtele 
ABSTRACT 
Branched chain fatty acids are a good source of raw materials for producing 
biolubricants. However, E.coli and most plants do not normally synthesize branched chain fatty 
acids. The previous study (Jin 2007, Ph.D. dissertation) showed that the expression of Bacillus 
beta-ketoacyl-acyl carrier protein synthase III (KASIII) coding gene (either yhfB or yjaX) 
could induce biosynthesis of branched chain fatty acids in E.coli. We proposed the hypothesis 
that expression of two Bacillus genes (yhfB and yjaX) can confer branched chain fatty acid 
biosynthesis in plants. We made constructs containing each of these two genes (either yhfB or 
yjaX) and expressed them in Arabidopsis thaliana. RT-PCR and western blot analyses 
confirmed the expression of these two genes (either yhfB or yjaX) at both mRNA and protein 
levels. Fatty acids were analyzed in both leaf and seed between the transgenic and wild type 
plants using gas chromatography mass spectrometry. We could not detect branched chain fatty 
acids in either the wild type or the transgenic Arabidopsis plants. Furthermore, the wild type 
and transgenic plants were grown on the media supplemented with branched chain amino acids 
(e.g., valine, leucine) but there was no repeatable phenotypic difference between the wild type 
and transgenic plants. 
Keywords: Branched chain fatty acids, Bacillus, Arabidopsis thaliana 
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INTRODUCTION 
In recent years, people have become concerned more about environmental pollution 
caused by petroleum-based products and are aware of their detrimental impact on human 
health. However, we are reliant on such those products nowadays. Thus, some ideas have been 
brought forward about petroleum substitutes that are environmentally friendly (Moser 2009). 
Fatty acids derived from vegetable oils are currently converted to esters before industrial 
applications, such as detergents and lubricants (Bartz 1998; Erhan et al. 2002; Briens et al. 
2008; Nikolau et al. 2008; Jham et al. 2009). Acyl esters derived from vegetable oils 
commonly contain unsaturated acyl moieties and are chemically unstable at elevated 
temperatures (Kodali 2002; Knothe and Dunn 2009). Hence, the quality of the resulting 
products is degraded at elevated temperatures. 
To overcome this instability, vegetable oils are usually partially hydrogenated to reduce 
carbon-carbon double bonds and increase stability of the corresponding products at elevated 
temperatures. However, saturated fatty acids (that are hydrogenated) have higher melting 
temperature than unsaturated fatty acids with same carbon length due to the difference in 
packing degree (Yao and Hammond 2006; Knothe and Dunn 2009). Carbon chains can be fully 
extended since saturated carbon-carbon bonds are able to rotate freely and have a great 
flexibility. Hence, saturated fatty acids can pack tightly in nearly crystalline arrays. In contrast, 
unsaturated carbon-carbon bonds (especially cis-double bonds) result in a kink of the acyl 
group, which prevents the tight packing of molecules (Yao and Hammond 2006; Yao et al. 
2008). Therefore, melting point of unsaturated fatty acids is significantly lower than that 
saturated fatty acids with the same carbon length. However, reduction of unsaturated carbon-
carbon bonds increases viscosity at low temperatures. 
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The conflict between melting point and oxidative stability results in a limitation of 
vegetable oils for practical applications. For industrial uses, it is desirable to have low melting 
point and high oxidative stability at higher temperatures (Yao and Hammond 2006; Yao et al. 
2008). Hence, it is necessary to replace carbon-carbon double bonds with another functional 
group that is chemically stable to oxidation and maintains liquid state at low temperatures. 
These properties are characteristics of branched chain fatty acids (BCFAs) that have no 
unsaturated carbon-carbon bonds and they display lower melting point than straight-chain fatty 
acids. For example, the melting point of normal pentadecanoic acid (C15:0) is 52.1 °C while 
that of iso-pentadecanoic acid and anteiso-pentadecanoic acid is 51.8 and 23.0 °C separately 
(Yao and Hammond 2006; Yao et al. 2008). 
Functions of two Bacillus genes, yjaX and yhfB, were previously studied by Jin (Jin 
2007, Ph.D. dissertation). Her results showed that two genes that code for beta-ketoacyl-acyl 
carrier protein synthase III (KASIII) in the Bacillus genome have redundancy. The expression 
of yjaX-encoding KASIII is at a wild type state. In contrast, the expression of yhfB-encoding 
KASIII can be only detected if the function of yjaX is completely knocked out. Her studies 
showed that the expression of either Bacillus yhfB or yjaX in an E.coli strain that cannot 
synthesize unsaturated fatty acids confer BCFA biosynthesis (Jin 2007, Ph.D. dissertation). 
This suggested that BCFAs in this transgenic strain might complement unsaturated fatty acid 
auxotroph. These results indicate that different mechanisms for altering membrane fluidity, that 
of unsaturation and branching of alkyl chains, are interchangeable in bacteria. Specifically, 
BCFAs can substitute for unsaturated fatty acids to maintain membrane fluidity. She also found 
that the BCFAs, accumulated in recombinant E. coli harboring Bacillus yhfB gene, could be 
incorporated into membrane lipids (Jin 2007, Ph.D. dissertation). The significance of these 
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findings is that it indicates it may be possible to create viable transgenic plants (e.g., soybean) 
that are able to accumulate saturated but branched fatty acids, which would improve the quality 
of industrial applications. 
In this study, we tested the hypothesis that the expression of either yhfB or yjaX would 
confer BCFA biosynthesis in Arabidopsis thaliana (Figure 1). Two Bacillus KAS III coding 
genes, yhfB and yjaX that were previously studied by Jin (Jin 2007, Ph.D. dissertation) were 
individually expressed in Arabidopsis driven by either a constitutive promoter (i.e., p35S 
promoter) or a seed-specific promoter (i.e., napin promoter). Because de novo fatty acid 
biosynthesis in plants occurs in plastids, the expression of two genes was also fused with a 
transit peptide (TP) sequence in frame upstream. The expression of the two genes was 
confirmed by RT-PCR and western blot analyses. Gas chromatography mass spectrometry 
(GC-MS) was applied to analyze fatty acids in leaf and seed of the transgenic and wild type 
Arabidopsis plants. This study provides insights to lipid synthesis as related to changes in fatty 
acid composition in plants. The insights of plant metabolism from this study help to point out 
the factors that may change fatty acid composition in plants and guide optimization of BCFA 
accumulation in plants. 
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MATERIALS AND METHODS  
Plant material and growth condition 
Arabidopsis thaliana, ecotype Columbia, was grown for plant transformation using an 
Agrobacterium-mediated floral dipping method. The plants were grown in a continuous light 
condition in Bessey green house. Temperature was set to 22°C and the light intensity was 150 
µmol photons / m2 s. 
DNA manipulations 
Bacillus genes, yhfB and yjaX were cloned into the pB2GW7 vector (Karimi et al. 
2007) by Gateway technology and sequence verified. Rubisco small subunit (RbcS) transit 
peptide (TP) fragment was cloned in frame to the N-terminal methionine of yhfB or yjaX gene. 
Entire cassette (RbcS TP::yhfB or RbcS TP::yjaX) was cloned into pB2GW7 vector and 
sequence verified. Napin promoter was cloned into the N-terminal methionine of RbcS gene. 
Entire cassette (napin::RbcS TP::yhfB or napin::RbcS TP::yjaX) was cloned into pBGWGS7 
(Karimi et al. 2007) and sequence verified. Plasmids were mobilized into Agrobacterium 
tumifaciens, strain GV3101 and then for plant transformation. The harvested T1 seeds were 
grown and selected by herbicide (bar) solution. The survivors were then conducted for further 
analysis (Figure 3). 
RNA analysis 
Total RNA was isolated from rosette leaves or mature siliques using TRIzol reagent 
(Invitrogen, CA). Concentration of RNA was determined by A260. RT-PCR was conducted by 
one-step RT-PCR system (Invitrogen, CA) using the gene-specific oligonucleotides. Wild type 
plants were used as negative control. Plasmid DNA containing corresponding fragment was 
used as positive control. 
  
80 
Western blot analysis 
Crude protein extracts were prepared from rosette leaves or mature siliques. Bradford 
assay was used to quantify the proteins. Extracts were mixed with loading buffer and analyzed 
by SDS-PAGE. After electrophoresis, proteins were either visualized by staining with 
Coomassie or transferred electrophoretically to nitrocellulose membrane. Specific antibodies 
for yjaX and yhfB were generated by Jin and tested using gene-expressing E.coli strains (Jin 
2007, Ph.D. dissertation). Membrane was first reacted with the rabbit generated antisera, 
followed by a sheep anti rabbit IgG conjugated to HRP. Then membrane was visualized with 
ECL western detection reagents (Amersham Bioscience, NJ). 
Fatty acid analysis (GC-MS) 
Fatty acid methyl esters (FAME) were prepared from fresh leaves or mature seeds 
using the method described (Bonaventure et al. 2003). Nonadecanoic (19-carbon) acid was 
included as an internal standard. Plant tissues were placed to glass tubes containing barium 
hydroxide and 1, 4-dioxnae and incubated at 110 °C for 24 hours. Fatty acids were recovered in 
hexane and derivatized with methylation. Hydroxyl groups were blocked with silylation. 
Analyses of the FAME were performed on a gas chromatograph (series 6890, Agilent, Palo 
Alto, CA) equipped with a mass spectrometer (series 5973) using cap Capillary HP-5 (30 m x 
0.25 mm id, film thickness 0.25 um) column and helium carrier gas was used. The column 
temperature was programmed to increase from 70 °C to 300 °C at a rate of 10 °C/min, then 
held for 5 minutes. Chromatograms were integrated by Agilent’s HP enhanced ChemStation 
software version D.02.00. 
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Substrates supplemented with branched chain amino acids 
Seeds were sterilized by soaking sequentially in 0.2 ml of 50% alcohol for 1 minute, and 0.2 ml 
50% bleach for 10 minutes. Sterilized seeds were then washed three times with sterile water 
and spread on the Murashige and Skoog solid media with 0.1% sucrose. The media were 
supplemented with individual branched chain amino acid (isoleucine, leucine, and valine). The 
concentration of these amino acids was controlled at 0, 0.1, 0.15, and 0.3 mg/ml. Plants were 
grown in a controlled environmental room maintained at 26 °C and 37% humidity under 
continuous illumination. The light irradiation was 150 µmol.m-2.s-1. 
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RESULTS 
Genes driven by p35S promoter 
To study the expression of Bacillus genes in Arabidopsis, yjaX and yhfB were 
individually expressed under direct control of a 35S promoter. Each construct was transformed 
into 21 T0 plants respectively. T1 seeds from these plants were planted, selected, and analyzed. 
Forty independent lines survived, and eight of them were selected for analysis. RT-PCR results 
showed that either yjaX or yhfB transcripts were detected in leaf tissues of these eight lines 
using gene-specific primers. Western blot analysis using the antisera generated against the 
expressing YjaX or YhfB protein in E.coli as specific probes showed that both proteins were 
detected in leaf tissues of the selected lines (Figure 4). Since Arabidopsis KAS III is a homolog 
of YjaX and YhfB proteins, endogenous Arabidopsis KAS III protein could also be detected by 
the antibodies. 
Since western blots indicated that three lines of each construct contained high 
expression of YjaX or YhfB protein, GC-MS was performed to analyze fatty acid composition 
in these lines. GC-MS results showed that no BCFA accumulation was detected in either the 
transgenic or wild type plants using fresh rosette leaves and mature seeds. T2 seeds of these six 
lines were planted and further analyzed. Western blots were conducted to confirm T2 plants 
accumulated YjaX or YhfB protein and GC-MS was then performed to analyze fatty acid 
composition (Table 1). However, there was no BCFA accumulation in both the transgenic and 
wild type plants. 
These results showed that both yjaX and yhfB genes could be individually expressed in 
Arabidopsis. However, no BCFA accumulated in the transgenic and wild type plants. One of 
the possibilities is that YjaX and YhfB proteins are not localized in the appropriate subcellular 
  
83 
compartments, because de novo fatty acid biosynthesis takes place in the plastid but the 
expressing proteins are localized in the cytosol. Thus, no substrate is available or the 
environment is not desirable for the expressing proteins. 
Gene driven by p35S promoter and transit peptide 
In vitro and in vivo studies established that KAS III initiates fatty acid synthesis in 
bacteria by catalyzing a condensing reaction of acetyl-CoA and malonyl-ACP (Han et al. 1998; 
Choi et al. 2000; Lai et al. 2003). Fatty acid metabolism in plants closely resembles that of 
bacteria. Since both amino and fatty acids are synthesized in plastids, plastid-target expression 
of these two genes may be needed in plants. 
Here, we tested the hypothesis that the expression of yjaX and yhfB in the plastid 
would induce BCFA biosynthesis in Arabidopsis plants. Therefore, two constructs, 
35S::TP::yjaX and 35S::TP::yhfB, were made using two different TP sequences. Each 
construct was transformed into eight T0 plants individually. T1 seeds from these plants were 
planted, selected, and analyzed. There were 37 independent lines obtained for yjaX using 
PsRbcS TP sequences and 19 independent lines for yjaX using NtRbcS TP sequences. There 
were 40 independent lines for yhfB using PsRbcS TP sequences and 20 independent lines for 
yhfB using NtRbcS TP sequences. RT-PCR showed that yjaX or yhfB transcripts were present 
in leaves of selected T1 lines. These findings confirmed that the selected lines were 
transformed. Western blots were then conducted to test accumulation of YjaX or YhfB protein 
in those lines accumulating the respective RNAs. Western blots showed that YjaX or YhfB 
protein was accumulated in leaves (Figure 5). There were four independent lines of yjaX using 
PsRbcS TP sequences and four independent lines of yjaX using NtRbcS TP sequences showing 
high accumulation of YjaX protein. There were five independent lines of yhfB using PsRbcS 
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TP sequences and two independent lines of yhfB using NtRbcS TP sequences showing high 
accumulation of YhfB protein. The procedure of western blot was optimized in plastid-target 
expression so the endogenous Arabidopsis KAS III proteins could hardly be detected. In 
addition, there was also a band above in these lines indicating precursor polypeptide in 
cytoplasm. 
With results of T1 plants, there were six lines of yhfB and two lines of yjaX were 
planted, selected and analyzed. Western blots were performed among these T2 lines and 
confirmed the expression of YhfB and YjaX proteins. GC-MS was then conducted to analyze 
fatty acid composition of leaves (Table 2). No BCFA accumulation was observed in either wild 
type or transgenic plants. 
These results suggested that the expression of either yjaX or yhfB did not induce 
accumulations of BCFAs in the transgenic Arabidopsis plants although yjaX and yhfB gene 
products could be directed into the appropriate subcellular compartment (i.e., plastid). This is 
probably due to the degradation of BCFAs in leaf since leaf is not the tissue to store fatty acids. 
Therefore, a seed-specific promoter (e.g., napin) would direct the expression of yjaX and yhfB 
into seeds. 
Gene driven by napin promoter and transit peptide 
Oils are the main component in Arabidopsis seeds so seed-specific expression may be 
preferred. Here, we tested the hypothesis that the expression of yjaX and yhfB in the seed 
plastid would induce BCFA biosynthesis in Arabidopsis plants. Therefore, these two genes 
were expressed under control of a seed-specific promoter (napin) from rapeseed using two 
different TP sequences in addition to the constitutive expression. Each construct was 
transformed into nine T0 plants individually. When obtained T1 seeds from these plants, they 
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(i.e., T1 seeds) were planted, selected, and analyzed. There were 20 independent lines for yjaX 
using PsRbcS TP sequences and 10 independent lines for yjaX using NtRbcS TP sequences. 
There were 12 independent lines for yhfB using PsRbcS TP sequences and 6 independent lines 
for yhfB using NtRbcS TP sequences. 
Lin et al. (2003) showed that napin promoter is a seed storage protein promoter and 
functions in late stage of development, usually 12 days after flowering. So the 14 day-old 
siliques were collected and tested using gene-specific probes. After bar selection, 6 
independent lines for each construct were chosen to do RT-PCR analysis using gene-specific 
primers. RT-PCR showed that yjaX or yhfB transcripts were present in the selected lines. Then 
western blots were conducted to test all transgenic lines. Western blot showed that there were 
some lines with expression of YjaX or YhfB protein (Figure 6).  
With results of T1 plants, there were three lines of yhfB and three lines of yjaX were 
planted, selected and analyzed. Western blots were performed among these T2 lines and 
confirmed the expression of YhfB and YjaX proteins. GC-MS was then conducted to analyze 
fatty acid composition using mature seeds (Table 3), but showed no BCFA accumulation. 
These results indicate that BCFA accumulation was not observed in seeds of the 
transgenic plants compared to the wild type although both yjaX and yhfB gene products could 
be directed into seeds. This might be explained by the limitation of appropriate short-branched 
chain acyl-CoA substrates for BCFA biosynthesis. Because we hypothesize that substrates for 
BCFA biosynthesis are derived from branched chain amino acid (e.g., valine, leucine, 
isoleucine) biosynthetic pathways. 
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Supplement with branched chain amino acid substrates 
Substrates might be a limitation to accumulate BCFAs in these transgenic Arabidopsis 
plants. Here, we tested the hypothesis that the expression of yjaX and yhfB would induce 
BCFA accumulation in transgenic Arabidopsis plants when provided with appropriate 
substrates (e.g., branched chain amino acids). Thus, we provided plants with additional 
branched chain amino acids (e.g., valine, leucine). In this study, a single line was selected from 
both YjaX- and YhfB-expressing plants. Seeds of these plants were grown together with the 
wild type on the solid media and the growth of these seedlings was observed. However, there 
was no phenotypic difference between the transgenic and wild type plants grown on the media 
supplemented with either valine (Figure 7) or leucine (Figure 8). These results suggested that 
BCFA accumulation might not be affected by the amount of substrates. 
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DISCUSSION 
In this study, the expression of Bacillus KASIII isozyme gene (either yhfB or yjaX) in 
Arabidopsis plants was confirmed at both mRNA and protein levels. However, GC-MS 
analysis indicated that no BCFA accumulation was observed in these transgenic Arabidopsis 
plants as well as the wild type. This result is consistent with the previous report by Jin (Jin 
2007, Ph.D. dissertation). She expressed the Bacillus gene (either yjaX or yhfB) in different 
E.coli strains (168, MH13, BW25113, JW1077). However, only expression of yhfB or yjaX in 
the E.coli strain MH13 could induce BCFA accumulation. The MH13 strain carries mutations 
in fatty acid metabolism genes, specifically fadR (fatty acid degradation repressor) and fabA 
(beta-hydroxydecanoyl-thioester dehydrase) mutant alleles. Therefore, she suggested that 
BCFAs could accumulate in the MH13 strain due to its altered fatty acid metabolism (Jin 2007, 
Ph.D. dissertation). Here, we have expressed these two Bacillus genes (yjaX and yhfB) in the 
wild type Arabidopsis plants that do not have altered fatty acid metabolism. Thus, BCFAs may 
not be able to incorporate into fatty acid metabolism in the wild type Arabidopsis plants. We 
probably need to modify fatty acid metabolism in these Arabidopsis plants to enable BCFA 
accumulation. 
Another possibility is that functions of Bacillus KASIII-coding proteins (YhfB or 
YjaX) compete against Arabidopsis endogenous KASIII enzymes in these transgenic plants. 
These expressing proteins in plants may have no activity without an altered activity of 
Arabidopsis endogenous KASIII enzymes. Therefore, expression of Arabidopsis KASIII-
coding genes may require to be knocked down, or even knocked out in these transgenic plants. 
This analysis will also test the hypothesis that Bacillus KASIII enzymes (YhfB and YjaX) 
complement Arabidopsis KASIII enzymes. 
  
88 
It is also possible that expression of Bacillus KASIII-coding genes (yhfB or yjaX) 
could produce short chain BCFAs in Arabidopsis plants, although we have not confirmed the 
presence of these BCFAs. However, other Arabidopsis enzymes in fatty acid elongation, such 
as beta-ketoacyl-acyl carrier protein synthase I (KASI), cannot elongate these short chain 
BCFAs, because these Arabidopsis enzymes may not be able to bind substrates and function 
properly. Therefore, we are not able to detect long chain BCFAS in these transgenic plants. To 
enable BCFA elongation, we probably need to co-express bacteria KASI coding genes in the 
transgenic plants. 
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FIGURES AND TABLES 
 
 
Figure 1. Hypothetic pathway for BCFA biosynthesis. The initial step of fatty acid biosynthesis 
is catalyzed by KAS III using malonyl-ACP. Malonyl-ACP is synthesized from malonyl-CoA 
by malonyl-CoA: acyl transacylase (MAT). Malonyl-CoA is synthesized from acetyl-CoA by 
acetyl-CoA carboxylase (ACC). An initiation reaction of normal fatty acid biosynthesis uses 
acetyl-CoA as a substrate in E.coli and plants. In contrast, reactions of branched chain fatty 
acid biosynthesis use branched chain acyl-CoAs as substrates in Bacillus. These branched acyl-
CoAs are obtained from amino acid metabolism. Then all these products are sequentially 
reduced (by 3-ketoacyl-ACP reductase (KR)), dehydrated (by 3-hydroxyacyl-ACP dehydratase 
(DH)), and reduced (by enoyl-ACP reductase (ER)). KAS I or KAS II conducts the following 
reactions to elongate chain length with KR, DH, and ER. Further elongation and modification 
will be followed. In addition, keto acids from branched chain amino acids may also incorporate 
into fatty acid elongation. Aldehydes are produced from keto acids by ketoacid decarboxyalse 
(KD) and probably incorporated into fatty acid synthesis. 
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Figure 2. Comparison of the amino acid sequence of the KAS III encoded by the Bacillus yjaX 
(yjaX.BSU) and yhfB (yhfB.BSU) genes, with the KAS III of E.coli (KASIII.Ec) and 
Arabidopsis (KASIII.At). The yjaX-coding sequence shares 41% and 41% amino acid 
sequence identity with the E.coli and Arabidopsis KAS III. The yhfB-coding sequence shares 
38% and 36% sequence identity with the E.coli and Arabidopsis KAS III. The shaded residues 
(with dark blue) represent those that are identical in four sequences. The shaded residues (with 
light blue) represent those that are identical in two or three sequences. 
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Figure 3. Maps of the constructs in our study. A). The yhfB or yjaX sequences are driven by 
35S promoter directly. B). The transit peptide (TP) sequences fused with yhfB or yjaX 
sequences are driven by 35S promoter. C). The transit peptide (TP) sequences fused with yhfB 
or yjaX sequences are driven by Napin promoter. 
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Figure 4. Western blot analysis of leaves in selected lines with direct expressions of yhfB and 
yjaX driven by a 35S promoter. Aliquots of protein extracts (about 50 µg per lane) from leaves 
(30 days after growth) of wild type (wt) and transgenic plants were subjected to SDS-PAGE 
and western blot analysis, using either YhfB or YjaX antisera. The protein extracts from yhfB- 
or yjaX-expressing E.coli strains were used as positive control. The arrow indicates the band of 
YhfB or YjaX protein. 
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  Fatty acid composition (mol% of total) 
Tissue  Leaf   Seed  
Line WT 35S::B 35S::X WT 35S::B 35S::X 
C16:0 25.28±0.57 23.20±0.75 23.65±0.58 11.15±0.21 11.34±0.28 11.68±0.40 
C16:1 1.63±0.49 1.17±0.07 1.13±0.03 1.16±0.11 0.94±0.03 0.94±0.11 
C16:3 8.89±0.13 9.91±0.74 10.52±0.85 0.57±0.07 0.49±0.03 0.47±0.07 
C18:0 3.19±0.04 3.44±0.20 3.54±0.18 4.35±0.07 4.37±0.15 5.14±0.21 
C18:1 4.79±0.12 4.68±0.19 4.36±0.15 - - - 
C18:2 20.12±0.17 20.22±0.48 18.96±0.47 31.17±0.88 33.86±0.71 32.02±1.26 
C18:3 36.08±0.90 37.38±0.88 37.84±0.48 28.07±1.25 25.90±2.87 21.22±3.74 
C20:0 - - - 2.60±0.05 2.34±0.40 3.45±0.50 
C20:1 - - - 20.92±0.28 20.75±1.88 25.09±1.67 
 
Table 1. Fatty acid composition of leaves and seeds in wild type and transgenic plants. A 35S 
promoter drove direct expressions of yhfB and yjaX. Lipids were extracted from leaves (30 
days after growth) and harvested seeds of the selected lines and wild type (three replicates for 
each line), and following transmethylation fatty acid methyl esters were analyzed by GC-MS. 
From these data we calculated the proportion of fatty acids with chain lengths of 16, 18, 20 
carbon atoms. 
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Figure 5. Western blot analysis of leaves in selected lines with plastid-targeted expression of 
yhfB and yjaX driven by a 35S promoter. Aliquots of protein extracts (about 50 µg per lane) 
from leaves (30 days after growth) of wild type (wt) and transgenic plants were subjected to 
SDS-PAGE and western blot analysis, using either YhfB or YjaX antisera. The protein extracts 
from yhfB- or yjaX-expressing E.coli strains were used as positive control. The arrow indicates 
the band of YhfB or YjaX protein. 
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 Fatty acid composition  (mol% of total)   
Fatty acid composition  
(mol% of total) 
Line WT 35S::TP::B  Line WT 35S::TP::X 
C16:0 44.67±0.58 41.72±0.70  C16:0 32.53±3.50 33.48±2.51 
C16:1 2.99±0.09 3.42±0.13  C16:1 4.08±0.24 3.59±0.40 
C16:3 0.69±0.13 0.92±0.09  C16:3 3.10±1.17 3.15±0.71 
C18:0 3.46±0.66 3.49±0.23  C18:0 2.39±0.25 2.43±0.22 
C18:1 7.25±0.55 7.40±0.19  C18:1 6.20±1.09 5.47±0.48 
C18:2 24.67±0.54 23.96±0.36  C18:2 24.22±1.14 23.60±1.28 
C18:3 16.27±1.16 19.08±0.59  C18:3 27.49±4.53 28.29±3.39 
 
Table 2. Fatty acid composition of leaves in wild type and transgenic plants. A 35S promoter 
drove plastid-targeted expressions of yhfB and yjaX. Lipids were extracted from leaves (30 
days after growth) of the selected lines and wild type (three replicates for each line), and 
following transmethylation fatty acid methyl esters were analyzed by GC-MS. From these 
data we calculated the proportion of fatty acids with chain lengths of 16, 18 carbon atoms. 
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Figure 6. Western blot analysis of siliques in selected lines with seed-specific expression of 
yhfB and yjaX. Aliquots of protein extracts (about 50 µg per lane) from siliques (10 days after 
flowering) of wild type (wt) and transgenic plants were subjected to SDS-PAGE and western 
blot analysis, using either YhfB or YjaX antisera. The protein extracts from yhfB- or yjaX-
expressing E.coli strains were used as positive control. The arrow indicates the band of YhfB 
or YjaX protein. 
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 Fatty acid composition  (mol% of total) 
Line WT nap::TP::B nap::TP::X 
C16:0 10.75±0.40 9.24±0.47 8.67±0.03 
C18:0 2.18±0.13 3.59±0.22 3.18±0.05 
C18:1 10.01±0.12 15.80±0.43 15.98±0.20 
C18:2 31.62±1.10 25.21±0.37 25.72±0.41 
C18:3 23.05±0.89 14.04±0.81 17.71±0.28 
C20:0 1.67±0.15 4.33±1.27 3.28±0.60 
C20:1 15.29±0.67 22.05±0.91 20.37±0.06 
 
Table 3. Fatty acid composition of seeds in wild type and transgenic plants. A seed-specific 
promoter (napin) drove plastid-targeted expressions of yhfB and yjaX. Lipids were extracted 
from harvested seeds of the selected lines and wild type (three replicates for each line), and 
following transmethylation fatty acid methyl esters were analyzed by GC-MS. From these 
data we calculated the proportion of fatty acids with chain lengths of 16, 18, 20 carbon 
atoms. 
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Figure 7. Wild type and transgenic plants on the media supplemented with valine (14 days after 
imbibition). 
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Figure 8. Wild type and transgenic seedlings on the media supplemented with leucine (15 days 
after imbibition). 
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CHAPTER 4.  GENERAL CONCLUSIONS 
The goals of the research in this dissertation are to dissect metabolic mechanisms and 
regulations that may control soybean seed composition during seed development. Specifically, 
we sought to identify genes and proteins that are responsible for determinants of seed protein 
and oil contents in soybean. Toward this goal, we performed both proteomic and 
transcriptomic analyses of near-isogenic soybean lines differing in seed protein content. 
1. MudPIT is a highly automated technology based on chromatography separation for 
proteomics, which provides high throughput, increased efficiency, and great yield of proteins 
(Lee and Cooper 2006). In this study, we were able to identify over 884 proteins from seeds of 
two parent (PI153.296 and Evans) and three BC3 high-protein near-isogenic soybean lines by 
using MudPIT. Furthermore, we have evaluated the differential protein accumulation of these 
proteins identified in the soybean lines and isolated four potential markers or regulators of seed 
development. 
2. MetNet (http://www.metnetdb.org/) is a powerful tool to statistically analyze, visualize and 
model ‘-omics’ (transcriptomics, proteomics, metabolomics) data that are based upon a 
soybean and Arabidopsis interaction database (Wurtele et al. 2007). We are able to assign 
Gene Ontology (GO) terms, identified pathways, and MapMan annotation to soybean 
transcripts and proteins by analogy to their closest Arabidopsis counterpart. 
3. We applied three statistical tests (ANOVA, permutation test, G-test) to identify differential 
protein accumulation, using spectral counting for the estimation of relative protein abundance 
(Lee et al. 2009). The G-test identified 113 proteins as differentially accumulated, whereas we 
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were not able to find differences using either the ANOVA or permutation test (significance 
defined as q-value of < 0.05). 
4. The spectra of Glycinin and beta-conglycinin, two major seed storage proteins, account for 
~30% of the total spectra attributed to protein identification in soybean seeds at an early stage 
of seed filling. The accumulation levels of all subunits were statistically different based on the 
G-test; however, these protein-coding transcripts were not differentially accumulated.  
5. Two hundred and eight of the 319 proteins identified were represented by corresponding 
soybean transcripts on the soybean genome array. Integrated proteomic and transcriptomic data 
suggests a linear relationship between protein and transcript accumulations for 138 of the 208 
proteins. 
6. The expression of yhfB or yjaX, two Bacillus genes, could induce branched chain fatty acid 
(BCFA) accumulation in the E.coli strain MH13 (Jin, Ph.D. dissertation). However, the 
expression of yhfB or yjaX could not induce BCFA accumulation in the wild type Arabidopsis 
plants. 
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